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This study aims to develop knowledge about the roles of intrinsic laryngeal muscles on voice
control in both healthy and disordered conditions through comprehensive computational models.
The phonation simulator was built by combining a three-dimensional high-fidelity MRI-based
model of the larynx, active muscle mechanics, and fluid-structure-acoustic interaction model,
which enabled the exploration of the underlayer mechanisms of the link between individual and/or
group muscles contractions under both symmetric and asymmetric activations, vocal fold posture,
vocal fold vibration, and voice outcomes during voice production.
The first part of this research extensively investigated the effects of cricothyroid and
thyroarytenoid muscle activations on voice characteristics through a parametric study. The role of
these intrinsic muscles in the adjustment of geometrical and mechanical properties of vocal fold
pre-phonatory posture, glottic flow aerodynamics, and acoustic and how all these components

interact were explored. Results were comprehensively validated, and the link between elements of
phonation was described in detail.
In the next step, due to the model's ability in the individual muscle activations, unilateral vocal
fold paralysis was simulated, and the characteristics of disordered voice were analyzed. The voice
simulator was then combined with the implant insertion model and genetic algorithm method to
build a computational framework for patient-specific surgical planning of type 1 thyroplasty. This
surgery is a standard procedure for treating unilateral vocal fold paralysis; however, it is subject
to challenges mainly due to the small size of the implant and the high sensitivity of the voice
outcome to the implant shape and position. Therefore, although the patient's voice could be
improved, the results might not be as satisfying as expected. Despite actual surgery, with very little
room for try and error, the ideal implant could be achieved by optimizing the implant based on the
patient's desired voice using the presented computational framework. Both healthy and diseased
cases and the corrected case using the optimized implant were simulated. Results revealed that the
optimized implant could restore the aerodynamic and acoustic features of the disordered voice in
producing a sustained vowel utterance. Furthermore, the performance of the implant in the pitch
gliding test, which was simulated using temporal activation of the cricothyroid and thyroarytenoid
muscles based on the first part of the study, was evaluated.
In the final step, a physics-informed neural network-based algorithm was presented to
reconstruct the three-dimensional cyclic vibration of vocal fold using two-dimensional sparse
experimental data and laws of physics. Key acoustic parameters and vibratory dynamics of vocal
folds and other parameters, such as flow rate, pressure distribution, and contact force, which are
difficult to measure experimentally, were successfully predicted.
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CHAPTER 1
INTRODUCTION
1.1 Voice production
Although it looks effortless, voice production is a complex process involving aerodynamics,
structural mechanics, acoustic wave propagation, and the interaction between all these
components. The mechanisms of sound production could be categorized into three main systems.
The first system provides the source of power, including the lungs, trachea, chest muscles,
and diaphragm. The second one is the larynx's vibratory system, including vocal folds and intrinsic
laryngeal muscles (ILM). The last category involves the vocal tract and nasal cavity, responsible
for resonance. The vocal folds are in the resting position when we are breathing, and the glottis
(the three-dimensional airspace between two vocal folds) is open. However, during phonation, the
activation of intrinsic laryngeal nerves closes the gap, forming a barrier for air coming from the
lungs. High air pressure, typically about 1kPa, forces the adducted vocal folds apart, starting from
the inferior of the medial surface, as air exits the lungs. After vocal folds are fully opened, the
elasticity force of the tissue pushes the vocal cords back to the midline. This generates a suction
region in the subglottal area, which helps vocal folds to be completely closed. This cyclic sustained
flow-induced vibration leads to a pulsative glottal flow. The generated voice source due to vocal
folds vibration is then amplified and modified within the vocal tract and nasal cavity results in a
specific sound.
1.1 Larynx anatomy and biomechanics
The larynx is primarily formed by the cricoid, thyroid, and two arytenoid cartilages. The
cricoid cartilage, positioned above the trachea, has a hyaline-shaped ring, and preserves airway
1

patency. It aids in the opening and closing of the vocal folds by providing attachment points for
specific muscles, cartilage, and ligaments. The thyroid cartilage is formed by two plate-shaped
structures (left and right lamina) which are separated at the posterior and attached at the anterior,
forming the thyroid prominence (i.e., Adam's apple). At the inferior edge, each side of the thyroid
has a cornua which articulates with the cricoid cartilage through the cricothyroid joints. Two
arytenoid cartilages are located on the superior lateral edge of the cricoid cartilage lamina. Their
shape is like a paired pyramid and articulate with the cricoid through the cricoarytenoid joints. As
these cartilages move relative to one another, the geometry and mechanical properties of the vocal
folds are adjusted.
The vocal folds are positioned in the larynx, stretched along the anterior-posterior (AP)
direction, anteriorly and posteriorly attached to the thyroid and anterolateral of arytenoid
cartilages, respectively. The vocal folds, with a typical length of about 1.0 to 1.5 cm in females
and 1.5 to 2.0 cm in males, are layered structures that could be represented as inner and outer
layers. The inner layer is generally formed by muscle tissues, named the thyroarytenoid (TA) and
lateral cricoarytenoid (LCA) muscles. The TA muscle originates from the thyroid and inserts into
the arytenoid cartilage. The contraction of TA pulls the arytenoid and thyroid cartilages towards
each other, resulting in the shortening of the vocal folds. This muscle could be divided into medial
and lateral bundles, known as vocalist (TAv) and muscularis (TAm), respectively. The LCA
muscle is anteriorly connected to the (upper and outer surface of) cricoid and posteriorly attached
to the muscular process of the arytenoid cartilage. The LCA contraction results in an inward
rotation of arytenoid cartilage in the coronal plane and therefore moves the vocal folds posterior
toward the glottal midline. The lamina propria and epithelium are other fiber tissues, generally
softer than muscle tissues, and shape the outer layer of the vocal folds. Compared to the inner
2

layer, the thickness of the outer layer is small. From the computational point of view, the vocal
fold structure is usually simplified into a two-layer structure consisting of the body (muscle) and
cover (lamina propria and the epithelium) layers. In a more complex model, a layer of the ligament
is considered as the third layer.
Other than TA and LCA, three other intrinsic laryngeal muscles exist in the larynx: the
cricothyroid (CT), posterior cricoarytenoid (PCA), and interarytenoid (IA) muscles. The CT
muscle contains two bundles that connect the cricoid and thyroid (the lower edge through the
vertical bundle and the inferior cornu through the oblique bundle) cartilages at the anterior of the
larynx. The contraction of CT muscle (both bundles) elongates the vocal folds due to reducing the
gap between the cricoid and thyroid cartilages at the anterior. The PCA muscle is located on the
posterior side of the cricoid cartilage and connects the cricoid outer rim to the back of the arytenoid
cartilage. This muscle plays a role opposite to LCA. When PCA contracts (usually during
breathing), the arytenoid cartilages rotate outward, resulting in the opening of the glottis. The IA
muscles, consisting of two bundles (oblique and transverse), connect two arytenoid cartilages at
their posterior surfaces. The IA muscle activation approximates two arytenoid cartilages, resulting
in the glottal closure.
In general, TA and CT are the main voice pitch controllers, and their activation respectively
shortens and elongates the vocal folds. However, the vocal fold length remains almost the same
under the LCA and IA contraction. LCA and IA are vocal fold adductors, and PCA is considered
an abductor's muscle. Furthermore, the LCA/IA/PCA contraction increases the effectiveness of
TA/CT muscle activation in the vocal fold length control by stabilizing arytenoid cartilages. The
PCA and LCA/IA contraction respectively opens and closes the glottis space mainly at the
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posterior, and the TA contraction closes the anterior of the glottal area. The geometry of the larynx
with details is represented in Figure 1-1.

Figure 1-1 Larynx anatomy.
Four main cartilages of the larynx (i.e., cricoid, thyroid, and two arytenoids) in (a) 3D, (b) top, (c) lateral, (d)
anterior, and (e) posterior views. (f) Full 3D model of the larynx with different parts. (g) 3D geometry of the left
vocal fold. (h) A mid-coronal section of the left vocal fold.
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1.2 Unilateral vocal fold paralysis
Unilateral vocal fold paralysis (UVFP) is the loss of functionality of one vocal fold due to
injury, usually to the laryngeal nerve system. This paralysis is a widespread voice disorder and
affects voice characteristics such as pitch, loudness, and quality. The recurrent laryngeal nerves
(RLN) branch controls the movement of all intrinsic muscles except CT, which is controlled by
the superior laryngeal nerve (SLN). There are several reasons why the nerve can be damaged,
including accident, disease, or sacrifice during surgery (such as the neck or skull). UVFP usually
results in glottic gaps between the functioning vocal fold and the paralyzed vocal fold since the
paralyzed vocal fold cannot meet the functioning vocal fold at the midline. A paralyzed vocal fold
also exhibits altered vertical position and stiffness, contributing to incomplete glottic closure and
asymmetrical vibrations. Therefore, the voice could be described as breathy, weak, hoarse, and
rough. People have complained about exerting more effort when speaking and coughing. The two
main UVFP treatments are (1) surgery and (2) voice therapy. All surgical methods follow a similar
goal: changing the position and shape of the paretic vocal fold, primarily to reduce the glottic gap
during phonation. Although surgical techniques could not restore the ability of the nerve to control
the movement of the paretic vocal fold, the surgically corrected vocal fold could generate a
dramatically better voice since the corrected vocal fold could participate in the vibration.
Medialization with injection, thyroplasty medialization (type 1 thyroplasty), arytenoid
adduction (type 2 medialization), and reinnervation are different methods of surgical treatments.
In medialization with injection, which was first introduced by Brunings [Brunings, 1911], a
material (such as collagen, Teflon, and silicone) is injected into the immobile vocal fold with
topical anesthesia to provide an additional bulk for closing the glottal gap. This method is
considered a temporary treatment since revision surgery is challenging, and no material is proven
5

to be the ideal one [Kwon and Buckmire, 2004]. However, it has been reported [Friedman et al.,
2010] that when UVCP is treated early on with a temporary injection medialization, patients often
need no further permanent medialization procedure.
In type 1 thyroplasty (TT1), which was initially introduced in 1974 by Isshiki [Isshiki et al.,
1974], a configured support structure made of Silastic [Van Ardenne et al., 2011], hydroxyapatite
[Storck et al., 2007], Gore-Tex [Suehiro et al., 2009], or Titanium [Schneider et al., 2003] is
inserted into the paretic vocal fold through a surgically opened window on the lateral side of the
thyroid cartilage to push the immobile cord toward the glottal midline. The small window, usually
in the order of 10×5 mm, is created. The anterior edge of the window is located 5 to 7mm back
from the most anterior point of the thyroid cartilage, and the superior edge is located at the same
level as the vocal fold. TT1 might not be able to give the desired results for patients with a wide
posterior gap and a high degree of unleveled vocal folds. An arytenoid adduction surgery,
introduced by Isshiki [Isshiki et al., 1978], might be appropriate in this situation. In this type of
medialization, the arytenoid cartilage is rotated through the pulling of the muscle process by
sutures to mimic the functions of the LCA and TA muscles in vocal folds adduction. In laryngeal
reinnervation, the donor's nerves provide alternative innervation to the paretic vocal fold.
Compared to type 1 and 2 medialization, this method has several advantages, such as preserving
TA muscle bulk and tone and maintaining laryngeal anatomy, which allows future thyroplasty
surgeries if needed [Aynehchi et al., 2010].
Voice therapy [Ramig and Verdolini, 1998] is another type of voice treatment designed to
improve voice quality through a systematic adjustment to vocal habits and behavioral changes.
Several tasks are involved in voice therapy, including eliminating harmful verbal behaviors,
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shaping healthy vocal behaviors, and healing vocal fold wounds injury. It is usually performed
alone or in conjunction with surgery.
The appropriate approach for UVFP treatment depends on various factors, such as the severity
and location of the paralysis. In the case of a minor voice disorder, voice therapy might be
recommended. In a more severe case, several tests such as endoscopy and electromyography
(EMG) might be performed to understand the severity of the disorder better. If surgery is
inevitable, other factors such as the glottal gap would be considered to choose the most suitable
surgical plan, which might be injection medialization for a small gap. For a wider gap, TT1 could
be more effective; however, if the gap is very wide, especially when it is closer to the posterior,
type 2 medialization alone or within TT1 might be recommended. In addition, other factors such
as the patient's medical history and status and what they expect from the treatment are taken into
account when developing the most efficient surgical plan.
1.3 Research in voice production
For more than two centuries, the phonatory function of the larynx has been studied by many
researchers. The mechanism behind laryngeal muscle biomechanical function and how it affects
voice quality is still one of the fundamental questions that remain unanswered. Laryngeal muscle
contraction forms the pre-phonatory posture of vocal folds, followed by the interaction between
the subglottal airflow and the vocal folds, which results in phonation. Therefore, establishing a
cause-and-effect link between voice biomechanical physiology and voice characteristics requires
an understanding of the role of intrinsic laryngeal muscles and the way they interact with the glottal
flow. Finding this link would also be essential for determining the most effective treatments for
different voice disorders. Inaccessibility of the larynx is the main obstacle to voice research. Many
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experimental and numerical methods, approaches, and techniques such as in vivo [Chhetri et al.,
2010, 2014b], ex vivo [Berke et al., 2013], EMG [Titze et al., 1989], Low-dimensional [Titze and
Story, 2002] and three-dimensional [Yin and Zhang, 2016] models, have been used to facilitate
the study of voice production. In the following, a brief review of the voice study has been provided,
focusing on the role of intrinsic laryngeal muscles in controlling mechanical and geometrical prephonatory posturing, as well as aerodynamics and acoustic features of the voice outcome. This
section is divided into studies with symmetric and asymmetric activation of muscles to get a better
insight of intrinsic laryngeal muscle roles in both healthy and diseased conditions. Furthermore,
the review of studies on treatment of voice disorders using type 1 thyroplasty surgery is presented.
1.3.1 Vocal control
Symmetric activation of laryngeal muscles
In a human-subject subject study, Kempster et al. [Kempster et al., 1988] utilized stainless steel
electrode wires to apply low-voltage electrical shocks to the CT and TA muscles at different
frequencies. The excitation was conducted during normal phonation. They reported that the
activation of CT and TA results in pitch elevation. Moreover, it was found that the activation speed
of the TA is higher than the CT muscle.
Titze et al. [Titze et al., 1989] studied the effects of TA and CT muscle contraction, stimulated
using wire electrodes, on fundamental frequency in four human subjects. Results revealed that
activation of TA muscle could lead to both increasing and decreasing fundamental frequency
depending on the level of frequency and intensity. Fundamental frequency increases with TA
activation at lower fundamental frequencies and vocal intensities; however, it shows an opposite
behavior when the frequency is high, and the intensity is low. They stated that the mismatch
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between TA active stress and passive cover stress causes the frequency drop at low frequency and
high intensity, where the body is heavily involved in the vibration.
In many types of voice research, the canine larynx is a suitable substitute for the human larynx
because the two are so similar. In an in vivo study on a canine larynx, Chhetri et al. [Chhetri et al.,
2010] developed the laryngeal nerve stimulation methodology to provide a finer graded activation
over RLNs and SLNs by establishing the threshold excitation and maximum recruitment currents
of nerves. This method, which results in smoother control over the vocal fold posturing, would be
helpful in laryngeal paralysis and neuromuscular control studies. They [Chhetri et al., 2012]
utilized the graded activation method to study the effects of four combinations of intrinsic
laryngeal muscles (CT with different combinations of TA, IA, and LCA) on acoustic and
aerodynamic parameters such as onset frequency and pressure and vocal fold strain. They
concluded that at phonation onset, the fundamental frequency is primarily increased by the
activation of the CT muscle. In contrast, the adductor muscles' contraction generally decreases the
fundamental frequency within a smaller range compared to the CT muscle. On the other hand,
RLN is the primary controller of the phonation onset. Furthermore, they reported that LCA/IA
activation mainly closes the gap at the cartilaginous glottis; however, TA contraction closes the
mid-membranous glottis. A similar study [Chhetri et al., 2014b] evaluated the effects of CT and
TA muscle activation under eight combinations of IA and LCA muscles on the fundamental
frequency. They found that at all CT and LCA/IA activation levels, fundamental frequency first
increased and then decreased by increasing TA muscle stimulation level. Furthermore, a positive
correlation between CT activation and fundamental frequency was reported; however, under the
low activation levels of the adductors, high CT activation could decrease the frequency or even
prevent phonation onset. Under maximum CT and medium to high TA activation, the highest
9

frequency was reached. Chhetri and Neubauer [Chhetri and Neubauer, 2015] explored the different
roles of TA and LCA muscles on voice production. Results showed that LCA stimulation only
closed the posterior gap while TA activation alone only closed the anterior to middle of the glottis.
Under TA or LCA activation alone, a part of the glottis remained open. Only with combined TA
and LCA stimulation the glottal gap was closed entirely. Furthermore, for a noiseless stable
phonation and pitch variation, two muscles' combined activation is required. Activation of LCA
and TA increased subglottal pressure and reduced the flow rate.
Vahabzadeh-Hagh et al. [Vahabzadeh-Hagh et al., 2017a, 2017b] comprehensively studied the
medial surface shape changes due to the activation of intrinsic laryngeal muscles using a canine
hemi-larynx model. Individual and combined activations of CT, TA, LCA, and PCA muscles were
examined. Results revealed that when TA and LCA were activated simultaneously, an adducted
rectangular medial surface was formed with an increased vertical thickness. A combination of TA
and CT activation adducts the vocal folds with a divergent glottal surface shape since the inferior
is abducted more than the superior. A convergent glottis shape can be achieved under mid-to-full
LCA and full CT stimulation. PCA activation results in the abduction of the vocal folds and
enhancement of the vocal fold length, and slightly vertical thickness. The combination of PCA and
TA, which resulted in general abduction, suggested that possibly the default control of the
laryngeal nerves works in favor of vocal fold abduction over adduction during maximal activation.
Furthermore, they reported that the medial surface was initially thickened and bulged at the inferior
and medial parts under the TA activation. Similar to Chhetri and Neubauer [Chhetri and Neubauer,
2015], they found that LCA stimulation closes the posterior gap with a slightly convergent final
shape.
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Computational models can provide measurements that are difficult or sometimes impossible
for experiments. Lowella and Story [Lowell and Story, 2006] utilized a low-dimensional threemass model of the vocal fold to investigate the effects of TA and CT muscle contraction on the
vocal fold fundamental frequency, aerodynamic, and mechanical features of vocal fold vibration.
Results revealed that the way TA activation changes the fundamental frequency depends on the
level of CT contraction: at low CT activation levels, activation of TA muscle is initially raised and
then slightly decreased fundamental frequency, while at high CT levels, TA activation consistently
decreased fundamental frequency. In general, activation of both CT and TA resulted in lowering
the maximum flow rate, with a more significant impact of CT at higher activation levels (at a
constant TA activation) and more gradual decrement with the enhancement of TA activation (at a
fixed CT activation). TA activation at a low fixed CT level first decreased and then increased the
maximum flow deceleration rate (MFDR). The opposite behavior was observed with CT activation
at a low constant TA activation. At a high constant CT/TA activation level, TA/CT activation
decreased MFDR. Although the stiffness of the springs could be related to muscle activity, the
model was not able to provide the changes in vocal fold posture since the vocal fold structure was
not realistically presented.
Hunter et al. [Hunter et al., 2004] designed a biomechanical model of vocal fold to study the
effects of intrinsic laryngeal muscle activation on vocal fold posturing, focusing on significant
abduction and adduction by modeling the motion of the arytenoid cartilages. In their finite element
model, the cricoarytenoid joint was simulated as a rocking–sliding motion. Fiber-gel material was
considered for modeling active and passive nonlinear stress in the vocal ligament and TA muscle
bundles. CT muscles were not simulated in their model, and PCA, LCA, and IA were modeled as
point forces operating on the arytenoid cartilage. They reported that vocal fold abduction
11

overcomes adduction when all intrinsic muscles have the same properties. Furthermore, they found
that the roles of TAv and TAm in vocal fold posturing are distinct.
Alipour and Scherer [Alipour and Scherer, 2000] studied the effects of the vocal fold bulging
on phonation using a 2D numerical model that included tissue mechanics, glottal flow
aerodynamics, and vocal tract acoustics. They approximated the medial surface bulging by a
second-order polynomial, a function of glottal entry and exit and glottal thickness. Results showed
that when the medial surface bulging increased, the glottal area and amplitude decreased, resulting
in glottal flow resistance enhancement and a reduction in mean volume velocity. In this study, no
muscle mechanics model was used, and the effect of bulging on the vocal fold closure pattern was
not explored.
Wu and Zhang [Wu and Zhang, 2019] utilized an MRI-based vocal fold model combined with
an experimentally based control scheme for direct manipulation of medial surface shape and a
voice simulator to assess the effects of medial surface shape changes on voice production. Results
indicated that the medial surface bulging at superior and inferior led to a more rectangular glottal
channel, increased the vocal fold vertical thickness and closed quotient, and decreased the
phonation threshold pressure. Due to the lack of a muscle activation mechanism, which also adjusts
the other properties of vocal folds (such as length, stress, and stiffness), a direct comparison
between the results of this study and in vivo data was not possible.
Yin and Zhang [Yin and Zhang, 2013] utilized a 3D continuum vocal folds model to investigate
the influence of TA and CT muscle contraction on vocal fold geometry, stiffness, stress, and
eigenfrequencies using pre-stressed eigenvalue analysis. They use a five-parameter MooneyRivlin model for passive stress and muscle fiber uniaxial motion for active stress simulations.
Results revealed that vocal fold stiffness was the dominant factor in controlling the vocal fold
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fundamental frequencies. Furthermore, they stated that vocal fold elongation and shortening could
stiffen the cover and body layers depending on the resting state of zero strain. Therefore, the
changes in vocal fold eigenfrequencies with TA/CT contraction relied on the effects of TA/CT
interaction on vocal fold deformation. Under high-level CT activation (an elongated vocal fold),
TA activation reduced the degree of vocal fold elongation, which reduced vocal fold
eigenfrequencies. When CT is not activated, the vocal folds are at resting length or slightly
shortened. Therefore, increasing TA contraction enhanced the degree of vocal fold shortening and
thus increased vocal fold eigenfrequencies.
Yin and Zhang [Yin and Zhang, 2014] developed the previous model by including the
geometry of PCA, LCA, and IA muscles to explore the influence of TA and LCA muscle
interaction on vocal fold adduction and eigenfrequencies. They reported the activation of LCA
adducted the glottis at the posterior through a medial and downward rocking motion of the
arytenoid in the coronal plane. This activation, however, did not significantly change the vocal
fold eigenfrequencies. TA muscle activation resulted in glottal adduction at the anterior due to a
vocal fold medial rotation toward the midline of the glottis. This adduction stiffened the vocal
folds, dramatically raised the eigenfrequencies, and reduced LCA activation's posterior adductory
effect. Yin and Zhang [Yin and Zhang, 2016] also studied the changes in glottal width, vocal fold
length, stress, and stiffness due to the individual and combined activation of laryngeal muscles.
They found that the effect of the CTv bundle on vocal fold length control is much smaller than the
CTo bundle. Under the conditions where muscle activation shortened/elongated the vocal fold,
anterior adduction/abduction was observed, which shows the dominance of TA/CT in controlling
the anterior portion of the glottis. On the other hand, control of the posterior gap was more
complicated, with the LCA/IA/PCA also showing substantial effects. Furthermore, they stated that
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since the vocal fold cover layer is formed only by passive tissue, the anterior-posterior (AP) stress
in the cover is mainly determined by change in the vocal fold length, with tension/compression
under vocal fold elongation/shortening conditions. Shortening or elongating of the vocal fold
increases cover AP stiffness, as well as body AP stress and stiffness. The highest body AP stress
was achieved under simultaneous activation of CT and TA muscles. Also, the largest vocal fold
elongation and highest AP stress and stiffness in the cover layer were obtained when both CT and
TA muscles were activated. Although they [Yin and Zhang, 2016] included all the intrinsic
laryngeal muscles as finite element components in their modified model, cylinders were used to
represent the muscle geometries, and the vocal fold was simplified as a straight bar. Recently,
Geng et al. [Geng et al., 2020] developed a 3D realistic high-fidelity continuum model of the
canine larynx from magnetic resonance imaging and comprehensively studied the vocal fold
postures under systematic activations of the individual and combination of laryngeal muscles by
incorporating muscle activation. To demonstrate the capabilities of the model, they investigated
the muscle controls of arytenoid movements, medial surface morphology, and vocal fold
abduction. Results revealed that the vocal fold adductor and abductor muscles could result in
opposite impacts on vocal fold posture, making extremely complicated laryngeal adjustments in
phonation.
Asymmetric activation of laryngeal muscles
The vocal fold posture, stress, stiffness, and effective mass are adjusted by intrinsic laryngeal
muscle activation during phonation, which could alter the voice features. On of the most common
cause of voice disorders is an asymmetry of mechanical and geometrical parameters in left-right
vocal folds due to asymmetric or disabled activation of voice controller muscles. To find the
treatment and improve the voice of patients with voice disorders, a better understanding of how
14

asymmetric laryngeal activation affects the phonatory system and phonation is essential. Xue et
al. [Xue et al., 2010] combined a two-mass vocal fold model and the 2D Navier-Stokes flow solver
to assess the impact of vocal fold tension asymmetry on vibratory dynamics and glottal flow
aerodynamics during phonation. They considered the left vocal fold as the healthy (normal) side.
They modeled the left-right tension asymmetry by defining a tension imbalance parameter to
systematically change the mass and stiffness matrices of the vibratory mechanism. Results
revealed symmetric and asymmetric vibration patterns in normal and tension mismatch cases,
respectively, but relatively similar glottal flow vorticity contour. At different subglottal pressures,
in general, increasing the degree of stress mismatch led to a reduction in the flow rate and an
enhancement in fundamental frequency and eigenfrequencies. Furthermore, the phonation offset
was delayed to higher subglottal pressures with an increased effort required to enhance the voice
intensity due to tension imbalance.
Chhetri et al. [Chhetri et al., 2013] investigated the effects of asymmetric SLNs stimulation,
from complete to subtle unilateral SLN paralysis, on the laryngeal posture, vocal fold vibration,
and voice outcome using in vivo canine larynx. The level of CT contraction was considered a
dependent variable. They stated that vocal fold tension asymmetry is mainly responsible for
vibratory phase asymmetry, where the vibration begins on the side with a higher SLN activation.
A reduction in the fundamental frequency and strain of the vocal folds was also observed in the
SLN asymmetric activation. The level of chaos in the vocal fold oscillation positively correlated
with the level of asymmetric activation. In a similar study, they [Chhetri et al., 2014a] explored
the influence of asymmetric RLN activation on phonation characteristics at three levels of
symmetric SLN stimulation. Results revealed that the side with a higher RLN activation level leads
in the vibration's opening phase, which results in an asymmetric vibration phase and amplitude.
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The RLN activation in an asymmetrical manner adducts the vocal fold and decreases the glottal
width. Moreover, RLN stimulation decreases the mucosal wave amplitude, fundamental
frequency, and flow rate (at phonation onset) while it increases subglottal pressure and vibratory
amplitude.
Zhang and Hieu Luu [Zhang and Hieu Luu, 2012] numerically and experimentally studied the
vibration dynamics of a two-layer vocal fold model with the asymmetric stiffness of the body layer
under two cases of extreme and slight left-right stiffness mismatch. In the first case (extreme
mismatch), soft vocal fold properties dictated the phonation characteristics, such as
eigenfrequencies and eigenmodes, with a large and small vibration amplitude, respectively in soft
and stiff vocal folds. In the second case (slight mismatch), however, the phonation features were
determined by both the softer and stiffer sides, and the vibration amplitude of both sides was in
the same order. In both cases, the stiffer vocal fold favored the softer side in the vibration phase.
Numerical and experimental tests qualitatively showed a reasonable agreement with a general
underestimation of onset frequency and phonation threshold pressure in the simulation compared
to the experiment.
1.3.2 UVFP treatment by type 1 thyroplasty
One of the most used approaches for treating glottal insufficiency due to unilateral and bilateral
vocal fold paralysis is type 1 thyroplasty. To have a successful surgery, implant size, shape,
material, insertion location, and insertion depth are crucial factors that should be selected carefully.
In a clinical study, Montgomery et al. [Montgomery et al., 2000] evaluated the effects of
Montgomery implant on improving the vocal fold vibration, acoustic, and aerodynamic features
of the voice of 43 patients suffering from UVFP. Despite a custom-carved implant, the
Montgomery implant is prefabricated in different sizes, and there is no need for changing the shape
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during surgery. The suitable implant size could be estimated using a laryngoscope through
visualization. Since the size of the implant base is the same for all sizes, the implant could be
replaced with another dimension without changing the window size on the cartilage if the results
were not satisfying. Results showed the success of surgery in most cases by improving parameters
such as glottal closure, vibration amplitude, average and maximum voice intensity, maximum
phonation time (MPT), flow rate, subglottal pressure, and fundamental frequency. Most patients
were satisfied with the surgery and the resulting voice quality. In another study, Devos et al.
[Devos et al., 2010] examined the short and long-term performance of adjustable porous titanium
thyroplasty implants on voice characteristics of 15 patients with UVFP. Implants with 6×13 and
5×12 mm sizes were utilized for males and females, respectively. The physician asked the patient
to pronounce the /a/ vowel at various pitches and intensities during the surgery. Results revealed
that, in general, the acoustic and aerodynamic features of voice, such as fundamental frequency,
HNR, maximum phonation time, jitter, and shimmer, were improved. Other than voice, the implant
showed an improvement in the treatment of swallowing disorders, except for those with severe
neurological conditions.
Zhang et al. [Zhang et al., 2015] experimentally studied the role of implant stiffness,
medialization depth, and implant medial surface shape on phonation. Results revealed that
thyroplasty medialization improved the fundamental frequency, harmonic-to-noise ratio (HNR),
glottal resistance, and phonation threshold pressure. Compared to the implant medial surface shape,
acoustic improvement relied more on the insertion depth and stiffness. The impacts of implant
insertion depth on acoustic outcomes were more significant when the implant was stiffer. Using
three excised human larynxes, Zhang et al. [Zhang et al., 2020b] further investigated the effects of
type 1 medialization with stiff and soft implants on the 3D structural changes of vocal folds and
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implant and voice outcomes. The stiff implant caused tears in the vocal fold likely during the
insertion due to a large shear force that might have been produced by the implant and vocal fold
stiffness mismatch. A Significant mismatch may also lead to a large left-right asymmetric vibration
of vocal folds, which could be adjusted by reducing the insertion depth [Smith et al., 2020].
Furthermore, the implant insertion caused the vocal folds to be stretched into a thin layer and
wrapped around the implant. The soft implant was severely deformed during insertion and could
fit more comfortably with the vocal fold. When the implant became softer, it was deformed more,
which made the anticipation of the final vocal fold and medial surface shape challenging. They
reported that using implants with stiffness comparable to vocal folds makes the degree of
medicalization easier to adjust with less negative impacts on phonation frequency, threshold
pressure, and vibration amplitude.
Cameron et al. [Cameron et al., 2020] explored the effects of the implant stiffness in bilateral
type 1 medialization on the glottal shape and acoustic features using an ex vivo human larynx
phonation model. Four different materials with different stiffness were tested at multiple glottal
flow rates. They reported that softer implants generally had a weaker impact on the displacement
of the medial surface. Fundamental frequency and phonation onset pressure decreased by reducing
the implant stiffness. The cepstral peak prominence (CPP) increased/decreased with decreasing
implant stiffness at low and medium/high flow rates. Furthermore, higher subglottic pressure was
obtained at lower flow rates with stiffer implants. They concluded that neither soft nor stiff
implants could be considered the best choice for medialization since both showed a better
performance than the other under different conditions.
Smith et al. [Smith et al., 2020] computationally studied the effects of implant depth on vocal
fold vibration and outcome voice. They used a three-layer model of the vocal fold and five implants
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with different thicknesses modeled by considering the fixed displacement for target nodes. Results
revealed that, in general, the fundamental frequency increased, and vibration amplitude, sound
pressure level (SPL), and CPP decreased by enhancing the implant depth. They stated that although
stiff implants are more likely to affect the outcome voice negatively, there would not be any
negative impact if the insertion depth is less than 30% of the vocal fold transverse depth.
1.4 Motivation and objectives of the current study
Phonation derives from the interaction of neuromuscular stimulation of laryngeal muscles,
which shapes the vocal fold pre-phonatory posture and glottal airflow. Although phonation
research is primarily concerned with developing causal theories that explain the relationship
between voice physiology, biomechanics, and voice outcomes, this link is still not fully understood.
Several reasons make the experimental study of phonation challenging. First of all, similar to other
internal organs, accessibility to the larynx is very limited. Control of muscles and collecting data
in a human subject study would be tricky and risky in some cases. For instance, endoscopy can
only provide an almost 2D shape of vocal folds, or EGG cannot measure vocal fold posture
characteristics. Separating the effects of each muscle by individual activation of them is also tricky.
Better access to the larynx can be obtained in ex vivo studies; however, organ decay, lack of active
stress, and difficulties in measuring mechanical properties of the vocal fold introduce errors.
Experiments could not capture some measurements, such as stress and stiffness distributions and
eigenmodes. These limitations also impact studying voice disorders and treatment methods.
Although computational models can assist experiments by providing difficult/impossible
measurements, several issues exist with the currently available frameworks. There are only a few
models that contain a vocal fold posture model and a voice simulator [Bhattacharya and Siegmund,
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2014]. Many of the models are 2D and simplified, which causes a relatively high degree of
uncertainty in the simulation of phonation [Titze and Story, 2002]. Some high-dimensional models
do not contain either active muscle mechanics or the sound simulator. A phonation model should
consider minimum simplification since phonation is a complicated procedure.
Objectives
This computational study aims to provide a better and deeper understanding of the roles of intrinsic
laryngeal muscles on voice control under both healthy and disordered conditions and propose a
surgical framework for patient-specific UVFP treatment. The objective can be summarized as
follows:
•

Employing a 3D high-fidelity continuum model of the canine larynx, which incorporated
both active muscle mechanics and FSIs to explore the significant links between CT/TA
muscles activity, vocal fold posture, vocal fold vibration, and voice outcomes during voice
production.

•

Simulating UVFP cases and proposing a computational framework for patient-specific
surgical planning of type 1 thyroplasty through seamless integration of a muscle
mechanics-based laryngeal posturing model, an FSAI voice production model, a genetic
algorithm optimization, and virtual implant insertion to acquire the optimal implant
configuration that provides the desired voice in virtual surgeries.

•

Presenting a physics-informed neural network-based algorithm to reconstruct the vocal
folds' 3D motion using 2D sparse experimental observation data and laws of physics and
predicting key acoustic parameters and vibratory dynamics of vocal folds, as well as
determining other parameters, such as flow rate, pressure distribution, and contact force,
which are difficult to be measured experimentally.
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CHAPTER 2
NUMERICAL MODELS
In this chapter, the major numerical models used to model the vocal fold posturing and
vibration, due to interaction with flow, are described.
2.1 Laryngeal muscle and non-muscle material models
A laryngeal muscle mechanics model, which combines a fiber-reinforced model for passive
stress and a 1D Hill-based model for active stress, was implemented and validated in our previous
work [Pham et al., 2018]. A brief description of the model is provided below.
In the fiber-reinforced material model, the passive strain energy is defined as:

𝑈 = 𝐶!" (𝐼'! − 3) +

1
𝑘! $ (&' (!)!
(𝐽 − 1)# +
1𝑒 ! "
− 13
𝐷!
2𝑘#

(2-1)

where 𝐶!" is the isotropic neo-Hookean parameter, 𝐼'! and 𝐼'* are the first and fourth invariant of
the reduced Cauchy-Green tensor, respectively, 𝐽 is the Jacobian determinant of the deformation,
𝑘! is a modulus-like parameter, 𝑘# is a dimensionless parameter which accounts for the degree of
nonlinearity, and 𝐷! is the compressibility factor, which was set to a value close to zero [1/20𝐶!" ]
to approximate the incompressibility of vocal fold tissues.
In the 1D Hill-based model [Smith and Hunter, 2014], the active stress is defined as:
∗
∗
𝜎+ = 𝑎(𝑡)𝜎,-. 𝜎/0
𝜎/2
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(2-2)

where 𝜎+ is the active stress, 𝑎(𝑡) is the activation level, 𝜎,-. is the maximum active muscle
∗
∗
stress, 𝜎/0
and 𝜎/2
are the normalized scaling factors as functions of muscle stretch and stretch
∗
rate, respectively. 𝜎/0
is calculated using a Gaussian function [Winters and Stark, 1985] as:

#

∗
𝜎/0

𝜆 − 𝜆345
= exp <− =
@ A + 𝑚𝜆
𝑠6

(2-3)

where 𝜆 is the stretch ratio of the muscle, defined as the current length over the initial length and
thus deformation dependent. 𝜆345 is the optimal stretch ratio, at which maximum stress is
achieved. Furthermore, the shape and asymmetry of the relation are controlled by the shape factor
𝑠6 and the slope parameter 𝑚. 𝜆345 , 𝑠6 , and 𝑚 were set to 1.5, 0.35, and 0.01, respectively[Pham
∗
et al., 2018; Smith and Hunter, 2014]. The value of 𝜎/2
was set to 1 as a constant [Geng et al.,

2020].
The Mooney-Rivlin model [Kumar and Rao, 2016], which is a hyperelastic nonlinear material
model, was used for the non-muscle materials, including the cover, CE, and PGS tissues. In this
model, the strain energy is defined as:

𝑈 = 𝐶!" (𝐼'! − 3) + 𝐶"! (𝐼'# − 3) +

1
(𝐽 − 1)#
𝐷!

(2-4)

where 𝐶"! is the material constant, and 𝐼'# is the second invariant of the reduced Cauchy-Green
tensor. When 𝐶"! = 0, the model is reduced to Neo-Hookean. For the dynamic simulation, a
Rayleigh damping model [Pham et al., 2018] was used.
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The relationship between the stress tensor and the deformation for this strain energy function
is given by taking the derivative of the strain energy function with respect to the right CauchyGreen tensor as:

8-99:;<
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= 2𝐶!"
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𝜕𝐼!̅
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(2-5)

8-99:;<
where K and L are the subscript for indicial notation, 𝑆70
is the second Piola-Kirchhoff stress

tensor, and 𝐼= is the third invariant of the right Cauchy-Green deformation tensor 𝐶70 . The readers
are referred to Dhondt [Dhondt, 2004] for detailed derivation of the stress-strain relationship. For
an incompressible specimen under uniaxial stretch along the fiber direction, an analytical stressstretch relation can be obtained following some straightforward derivation as:
1
!
𝜎 = 2𝐶!" H𝜆# − I + 2𝑘! (𝜆# − 1)𝜆# 𝑒 $!?@ (!A
𝜆

(2-6)

where 𝜎 is the true tensile stress and 𝜆 is the stretch. It shows the highly nonlinear nature of the
fiber reinforced material.
In the finite element calculation, the uniaxial active stress computed using Equation (2-6) was
transformed into a stress tensor based on the muscle orientation (defined by the origin and insertion
of the muscle) and added to the passive stress as the total stress that satisfies the equilibrium.
Specifically,
𝜎+
[𝑆 /35-B ] = 1𝑆 8-99:;< 3 + 1𝑆 +C5:;< 3 = [𝑆 8-99:;< ] + [𝑞]/ < 0
0
where [q] is the coordinate transformation matrix.
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(2-7)

2.2 Solid dynamics model
To model the dynamic behavior of the vocal folds, two different approaches have been used:
solving (1) Navier-Cauchy equation in the absence of thermal effects, and (2) modal dynamics
equation. The former method has been used in the conducted studies of Chapter 3 and Chapter 4.
The latter method has been utilized in Chapter 5.
2.2.1 Vocal fold dynamics model
The described material models were implemented into a Navier equation solver to simulate
vocal fold dynamics. The Navier equation is:

𝜌

OOO⃗
𝜕# 𝑑
OOO⃗
= 𝜎. 𝛻 + 𝜌𝑓
𝜕𝑡 #

(2-8)

OOO⃗ is the displacement vector, 𝜎 is the stress tensor, and OOO⃗
where 𝜌 is the vocal fold density, 𝑑
𝑓 is the
body force. The equation could be solved using the finite element method. The details of the solver
are referred to Liu et al. [Liu et al., 2019].
2.2.2 Modal dynamics
In the modal analysis, the equation of motion of a general system with damping under external
forces can be presented as follows [Dhondt, 2004]:
[𝑀]U𝑈̈(𝑡)W + [𝐶 ]U𝑈̇(𝑡)W + [𝐾 ]{𝑈(𝑡)} = {𝐹(𝑡)}

(2-9)

where [𝑀], [𝐶 ], and [𝐾 ] are mass, damping, and stiffness matrices of the system, respectively,
and 𝐹 is the external force. Using the Rayleigh damping, [𝐶 ] can defined as a linear combination
of [𝑀] and [𝐾]:
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[𝐶 ] = 𝛼[𝑀] + 𝛽[𝐾]

(2-10)

where 𝛼 and 𝛽 are Rayleigh damping parameters. {𝑈}, solution of equation (1), can be written as
a linear combination of eigenmodes {𝑈} and modal coefficients 𝑏(𝑡):

𝑈(𝑡) = ` 𝑏: (𝑡){𝑈: }

(2-11)

:

Since only a finite number of eigenmodes is used to calculate the solution and the series is
truncated, the result is an approximation of solution 𝑈(𝑡). However, by choosing a suitable number
of eigenmodes, this truncation error can be negligible. While continuous systems have infinitely
many eigenmodes, only the lowest ones, usually the first 10 to 100 modes, are crucial in practice
[Dhondt, 2004]. Eigenmodes and eigenfrequencies can be numerically calculated using packages
such as ARPACK [Lehoucq et al., 1998]. By substituting equations (2-10) and (2-11) into equation
(2-12), with multiplying the derived equation by transpose of eigenmodes, by separation of time
and space variables ({ 𝑈} = {𝑈D }𝑒 :E# 5 , where 𝜔 is the eigenfrequency), and due to the
orthogonality condition, equation (2-10) can be written as:
𝑏D̈ (𝑡) + b𝛼 + 𝛽𝜔D # c𝑏Ḋ (𝑡) + 𝜔D # 𝑏D (𝑡) = {𝑈D }/ {𝐹(𝑡)}

(2-12)

In equation (2-12), which is the central equation for the modal dynamics of the system, only
coefficients 𝑏D (𝑡) and {𝐹(𝑡)} are functions of time. For a system with known properties, 𝛼, 𝛽, 𝜔D ,
and {𝑈D } are known. For each mode 𝑗, the equation can be solved to find 𝑏D (𝑡), and finally 𝑈(𝑡)
can be approximated by equation (2-11).
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2.3 Contact model
In the study of Chapter 5, to save computational time, we assumed left-right symmetry of vocal
fold vibration so that only the left vocal fold was used in the simulations. Therefore, a contact
model is needed to mimic the contact of left-right sides at the glottal midline. To do this, when the
left vocal fold passes the glottal midline, a contact pressure along the lateral direction is applied
on the contact surface to push the vocal fold back [Zhang, 2015]:
𝑝C = 𝑘C! 𝑑𝑥(1 + 𝑘C# 𝑑𝑥 # )

(2-13)

where 𝑘C! and 𝑘C# are the contact coefficients, and 𝑑𝑥 represents the portion of vocal fold that
crossed the midline. It should be noted that 𝑝C remains zero until the vocal fold passed the glottal
midline.
2.4 Glottal aerodynamics model
The glottal aerodynamics was modelled by the one-dimensional (1D) Bernoulli equation. The
flow separation was assumed to occur at the minimum glottal area. Downstream the flow
separation, the flow pressure was assumed to be zero gage pressure. Upstream the flow separation,
the flow pressure was calculated using the Bernoulli equation:
1
𝑄 #
𝑃(𝑦) = 𝑃9FG − 𝜌-:H (
)
2
𝐴(𝑦)

(2-14)

where 𝑃(𝑦) is the intraglottal pressure at the vertical location of 𝑦, 𝐴(𝑦) is the cross-sectional
area, 𝑃9FG is the subglottal pressure, 𝑄 is the flow rate, and 𝜌-:H is the air density. The flow rate
was calculated using:
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𝑄=k

2𝑃9FG
𝐴
𝜌-:H ,:I

(2-15)

where 𝐴,:I is the minimum glottal area. To measure this parameter, the area between the vocal
fold medial surface and contact plane was calculated at each discretized section in the inferiorsuperior direction. The minimum value multiplied by two corresponds to the minimum glottal area,
where the flow separation is assumed to occur. If the glottis is completely closed, 𝐴,:I becomes
zero.
2.5 Vocal tract acoustics model
The sound pressure propagation in the vocal tract was modeled by a 1D wave-reflection
equation developed by Story [Story, 1996]:
𝑓! = 𝑎! 𝑏! + 𝑄

J$%& C
+'

(2-16)

where 𝑓! and 𝑏! are respectively the pressures of the forward-travelling and backward-travelling
sound waves at the vocal tract inlet, 𝑎! is the attenuation factor, 𝑄 is the glottal flow rate obtained
from the glottal aerodynamics model, 𝑐 is the speed of sound, and 𝐴! is the cross-section area of
the vocal tract inlet. Calculation of 𝑓! is explicit using the value of 𝑏! from the previous time step
in the simulation.
2.6 Flow-structure-acoustics coupling
The coupling between the aerodynamics model and vocal fold dynamics model was
implemented on the vocal fold surfaces where they were in contact with the glottal airflow. At
each time step, the glottal aerodynamic pressures were first calculated with the medial surface
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shape of the vocal folds obtained from previous time step, and then fed back to the vocal fold
dynamics solver to calculate the new deformation of the vocal folds. The simulation then marched
one step by using the updated vocal fold shape. The coupling between the aerodynamics model
and acoustics model was one way that the flow rate obtained from the aerodynamics model was
used to calculate the vocal tract acoustic pressures, while the acoustic pressures were not fed back
to the aerodynamics model.
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CHAPTER 3
EFFECTS OF CT AND TA INTERACTION ON VOICE CONTROL
In this chapter, an MRI-based three-dimensional computer model of canine larynx was used to
investigate the effect of cricothyroid (CT) and thyroarytenoid (TA) muscle activity on vocal fold
pre-phonatory posturing and glottic dynamics during voice production. Static vocal fold posturing
in the full activation space of CT and TA muscles were first simulated using a laryngeal muscle
mechanics model; dynamic flow-structure-acoustics interaction (FSAI) simulations were then
performed to predict glottal flow and voice acoustics. The results revealed that TA activation
decreased the length and increased the bulging, height, and contact area of the vocal fold. CT
activation increased the length and contact area and decreased the height of the vocal fold. Both
CT and TA activations increased the vocal fold stress, stiffness, and closure quotient; and only
slightly affected the flow rate and voice intensity. Furthermore, CT and TA showed a complex
control mechanism on the fundamental frequency pattern, which highly correlated with a
combination of the stress, stiffness, and stretch of the vocal fold.
3.1 Introduction
The human voice originates from complex neuromuscular contractions of intrinsic laryngeal
muscles, which set the pre-phonatory posture (shape, position, tension, and stiffness) of the vocal
folds. The pre-phonatory posture, vocal fold tissue properties, and airflow from the lungs interact
to generate self-sustained oscillations of the vocal folds, which mechanically convert expiratory
airflow into pulsatile airflow, forming the primary sound source of voice [Mittal et al., 2013; Titze,
2000; Zhang, 2016a].
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Despite the important role of vocal fold posturing in voice production, its relationship with
muscle activity and voice outcome is not fully understood. Early studies mostly employed in vivo
EMG measures to relate muscle activity and voice outcome [Atkinson, 1978; Choi et al., 1993a,
1993b; Kempster et al., 1988; Ohala, 1970; Titze et al., 1989]; yet, the vocal fold posture was not
measured so that the overall system relation cannot be understood. Furthermore, the EMG
technique allows only coarse measurement of muscle activity, thus cannot provide systematic
understanding. Chhetri et al. [Chhetri et al., 2010] developed a technique using graded stimulation
of ILMs for precise control of vocal fold posturing and voice outcomes in in vivo canine larynges
[Berry et al., 2013, 2012; Chhetri et al., 2012, 2013, 2014b, 2014a; Chhetri and Neubauer, 2015;
Luegmair et al., 2014; Mendelsohn et al., 2012; Vahabzadeh-Hagh et al., 2017b]. A major
limitation of this technique was that the observation was limited to an endoscopic view due to the
inaccessibility of the larynx, thus the three-dimensional (3D) properties of vocal fold posture and
vibration cannot be measured. While the limitation is possible to be overcome by a hemi-larynx
setup [Vahabzadeh-Hagh et al., 2017b], properties such as tension and stiffness of vocal fold
tissues are still difficult to obtain in in vivo models.
Computational models can complement experiments by providing measurements that are
difficult in experiments. While many computational models have been developed for simulating
voice production, very few of them incorporated the relationships between vocal fold posturing
and voice production. For example, Bhattacharya and Siegmund [Bhattacharya and Siegmund,
2014] introduced a three-dimensional continuum vocal fold model and simulate the flow-structure
interactions (FSI) of vocal fold oscillations by solving Navier-Stokes and equilibrium equations to
evaluate the effects of mechanical stress on the vocal fold dynamics and hydration. Although both
continuum mechanics and lumped-element types of computer models were developed for
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understanding FSI during vocal fold vibrations [Alipour et al., 2000; Chang et al., 2016; Daily
and Thomson, 2013; Hunter et al., 2004; Jiang et al., 2017; Mittal et al., 2008; Xue et al., 2014;
Zhang, 2016a, 2016b; Zheng et al., 2010], most of them did not incorporate active muscle
mechanics. A few studies [Lowell and Story, 2006; Titze and Story, 2002] related the stiffness
parameters in the lumped-element vocal fold models to muscle activity, but the model cannot
describe the changes of vocal fold posture due to an abstract representation of the vocal fold
structure. Farley [Farley, 1996] constructed a simplified mathematical larynx model to study the
effects of laryngeal muscle activations on the glottal width and fundamental frequency estimated
by the frequency equation of a stretched string. Similarly, a number of computer models of
laryngeal muscle mechanics were developed for studying vocal fold posturing, but vocal fold
vibrations and sound production were not included [Geng et al., 2020; Hunter et al., 2004; Yin and
Zhang, 2014, 2016].
The role of CT and TA in laryngeal control of posturing and voice production was studied in
animal, human, and computational models. These studies found that TA activation causes vocal
fold shortening, adduction, and vertical height enhancement, while CT activation has the opposite
effect by elongating, mildly abducting, and decreasing the vertical height of the vocal fold [Hirano
et al., 1985; Vahabzadeh-Hagh et al., 2017b; Yin and Zhang, 2013]. In terms of the stiffness and
stress, TA activation decreases them in the cover layer due to the vocal fold shortening, but
increases them in the body layer due to active muscle stress; CT activation increases them in both
the cover and body layers due to vocal fold elongation [Deguchi et al., 2011; Yin and Zhang,
2013].
CT and TA are known as the two primary controllers of the fundamental frequency of voice.
CT activation was observed to always increase f0 except during register change it could lower f0
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[Chhetri et al., 2014b]. TA activation, however, has been known to have complex effects on f0.
Using EMG measures, Titze et al. [Titze et al., 1989] found that TA activation raised f0 at lower
fundamental frequencies and lower vocal intensities, and reduced f0 at higher fundamental
frequencies and lower vocal intensities. This suggested that TA activation would lower f0 under
high CT activation, and increase it under low CT activation. However, a more recent in vivo study
using graded muscle stimulation on a canine model showed that [Chhetri et al., 2014b], across all
CT activation levels, TA activation always first increased f0 and then decreased it. Computer
models were also used to relate muscle activity and f0. Results from a three-mass model [Lowell
and Story, 2006] suggested that at low CT activation levels, TA activation first raised and then
slightly lowered f0; at high CT level, TA activation always decreased f0. A continuum model of
vocal fold was used to study the effect of CT and TA activation on the eigen frequencies of vocal
fold vibration through pre-stressed eigen analysis by Yin and Zhang [Yin and Zhang, 2013]. It was
found that TA always lowered the eigenfrequencies under high CT activation; under mild CT
activation, TA first lowered and then increased the eigenfrequencies; the eigenfrequencies
increased monotonically with TA activation only when CT was not activated.
Despite the previous studies, the role of CT and TA in controlling f0 was not fully understood.
While it is known that TA activation could either raise or lower f0 depending on the state of the
vocal folds, it is still not clear as to under what conditions would TA activity raise or lower f0 and
the mechanisms behind it. It has been hypothesized that the complex control of TA on f0 might be
associated with the complex effect of TA on the vocal fold stiffness as TA activity reduces the
passive stress in the cover and body layers but increases the active stress in the body layer.
However, the stiffness and stress were never measured in in vivo studies; therefore, the relationship
cannot be understood. Moreover, while CT activation was observed to always increase f0, its
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effectiveness appeared different at different TA levels [Chhetri et al., 2014b]. It remains unknown
about the interaction strategy of CT and TA in effective control voice outcome, such as f0 and
sound pressure level (SPL). To inform such strategy and, more importantly, understand the
associated underlying mechanism, it is necessary to establish relationships between muscle
activity, vocal fold biomechanics, vocal fold vibration and voice acoustics.
In this study, we employed a 3D high-fidelity continuum model of canine larynx which
incorporated both active muscle mechanics and FSIs to investigate the major links between CT/TA
activity, vocal fold posture, vocal fold vibration and voice outcomes during voice production. In a
recent work [Geng et al., 2020], we developed a 3D muscle mechanics based laryngeal model
which generated the geometries based on magnetic resonance imaging (MRI) of a canine larynx
and incorporated all the major laryngeal features including the conus elasticus (CE), the paraglottic
space (PGS) of adipose tissue, and all the relevant cartilages and muscles. The model was used to
simulate vocal fold posturing under activation of various combinations of laryngeal muscles. The
simulation results showed extensive agreement with in vivo canine laryngeal experiments. In this
work, we fully coupled the laryngeal model with a FSAI computer model to simulate muscle
control of vocal fold vibration and voice production through vocal fold posturing. While the model
was developed for general simulations of any combinations of ILMs, this work focused on the role
of CT and TA.
For the rest of the chapter, the numerical algorithms of the laryngeal muscle mechanics model
and FSAI model are mentioned in section 3.2.1. The simulation setup and procedure of the coupled
vocal fold posturing and FSAI was described in 3.2.2. The parametric simulations with systematic
variations of CT and TA activations are also described in 3.2.2. The simulation results including
the geometric and mechanical properties of vocal fold pre-phonatory postures, glottal flow
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waveform and voice acoustics are presented in section 3.3. A discussion about the relationship
between these features is presented in section 3.4. Finally, the conclusion is provided in section
3.5.
3.2 Method
3.2.1 Numerical models
In this study, the 1D Bernoulli solver has been utilized to simulate the flow field to capture
glottal aerodynamics. Solid dynamics simulation was performed using the open-source finite
element package CalculiX [Dhondt and Wittig, 1998]. The laryngeal muscle mechanics model has
been used to mimic the activation of muscles. Furthermore, the 1D wave-reflection equation has
been solved to model the sound pressure propagation in the vocal tract. All the numerical models
have been described in Chapter 2.
3.2.2 Simulation setup
Figure 3-1a shows the geometric model which was reconstructed from a high-resolution MRI
of a dissected canine larynx. The reconstruction method was described in detail in our previous
work [Geng et al., 2020]. Briefly, the model contained major anatomic components of a larynx,
including the lamina propria (cover), the two TA muscle bundles (thyrovocalis and
thyromuscularis), the conus elasticus, the lateral cricoarytenoid, the paraglottic space of adipose
tissue, the thyroid, cricoid and arytenoid (paired) cartilages, the two bundles of the cricothyroid
muscle (rectus and oblique), the interarytenoid muscle and the posterior cricoarytenoid muscle.
Note that while most tissues are segmented directly from the MRI scans, simplified geometries
were used for the CT and interarytenoid (IA) muscles because their segmentations were very
difficult due to a lack of clear boundaries in the images; but their anatomic properties, such as the
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volume and insertion, were realistic by following literature data [Cox et al., 1999; Mineck et al.,
2000]. The material parameters of the muscle and non-muscle tissues are provided in Table 3-1
and Table 3-2. Note that the material parameters of the muscles were the same as in the previous
work and they were determined by curve fitting experimental data of canine tissues [Hunter and
Titze, 2007; Pham et al., 2018]. Specifically, the curve fitting for the passive parameters of the CT
and TA muscles was described in a previous work [Pham et al., 2018] using experimental
measurements [Alipour-Haghighi et al., 1989, 1991]. Note that the same parameters were used for
CT and TA because they have almost identical passive response [Hunter and Titze, 2007]. Passive
parameters for the other muscles (lateral cricoarytenoid (LCA), interarytenoid (IA), posterior
cricoarytenoid (PCA)) were obtained in a similar way based on experimental data [Hunter and
Titze, 2007]. The maximum active stresses of the canine laryngeal muscles were measured
extensively by Alipour-Haghighi et al. [Alipour-Haghighi et al., 1989, 1991; Alipour and Titze,
1999]; CT [Alipour-Haghighi et al., 1991; Alipour and Titze, 1999] and TA [Alipour-Haghighi et
al., 1989] both have a maximum active stress around 100kPa. The other muscles (IA, LCA and
PCA) seem to have lower maximum active stress [Alipour et al., 2005], but the authors mentioned
that it could be due to the samples being not as fresh. Previous models [Hunter et al., 2004; Yin
and Zhang, 2016] have also assumed for these muscles the same maximum active stress as that of
TA. However, the maximum active stress of the IA, LCA and PCA muscles does not affect the
current simulations since they were not active. Two parameter Mooney-Rivlin models were used
for the non-muscle tissues, and the material parameters were determined based on previous vocal
fold models [Cook et al., 2009; Jones et al., 2015].
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Table 3-1 Material parameters for muscle tissues

Muscle
TAv
TAm
CTo & CTv
LCA
PCA (all bellies)
IA

𝐶!" [kPa]

𝑘! [kPa]

𝑘#

𝜎,-. [kPa]

3
3
3
2.7
2.7
2.035

0.15
0.15
0.15
2
2
10

9
9
9
5.5
5.5
2.5

100
80
100
100
100
200

Table 3-2 Material parameters for non-muscle tissues

Tissue

𝐶!" [kPa]

𝐶"! [kPa]

0.117
0.117
2.000
0.117

0.295
0.295
1.500
0.295

Cover
PGS (adipose)
CE
Inter-muscular tissue

To accurately predict vocal fold posturing with CT/TA activation, modeling the motion of the
cricoarytenoid joint (CAJ) and cricothyroid joint (CTJ) is critical. Following the analysis of the
joint mechanism [Adran and Kemp, 1966; von LEDEN and Moore, 1961] and previous modeling
practice [Hunter et al., 2004; Selbie et al., 1998], the CAJ was modeled as a rocking-sliding motion,
where the arytenoid cartilage can rotate around and slide along the long axis of the joint facet on
the cricoid. The CTJ was treated similarly that the thyroid cartilage was allowed to rotate around
and move horizontally along the joint. Our previous work showed that this implementation was
able to simulate wide ranges of vocal fold postures and the results were in good agreement with in
vivo experiments in terms of the trends and ranges of the vocal fold strain and vocal process
distance under various combinations of muscle activation [Chhetri et al., 2012, 2014b; Titze et al.,
1997; Yin and Zhang, 2013].

36

Figure 3-1 illustrates the simulation procedure of vocal fold posturing and FSAI under a certain
CT/TA activation level. The simulation consisted of two steps. In the first step (Figure 3-1b), the
laryngeal muscle mechanics model was used to simulate static deformation of the vocal folds under
the CT/TA activation. Note that since the canine larynx has been artificially adducted using a
suture at the vocal processes when it was scanned, the vocal folds in the current model are already
at the adducted configuration; therefore, activation of LCA and IA was not considered. In the
second step (Figure 3-1c), the vocal fold deformation obtained in the first step, along with TA
activation, were applied on the resting vocal fold configuration to generate the pre-phonatory
shape, tension and stiffness of the vocal folds. The vocal folds were then coupled with the glottal
aerodynamics model and vocal tract acoustics model to simulate vocal fold vibrations and sound
generation. The geometry of the vocal tract was generated by following [Story, 1996, 2005] using
the cross-section areas of a /ah/ vowel model superimposed on an MRI-based vocal tract centerline
profile. Note that, to save computational time, we assumed left-right symmetry of vocal fold
vibration in the current study so that only the left vocal fold was used in the FSAI simulations. A
contact plane was placed at the glottis midline to mimic vocal fold contact.
In this study, the laryngeal model was discretized into 123,333 tetrahedral elements with each
vocal fold having about 30,000 elements. A mesh-independence investigation was performed in
the previous study [Geng et al., 2020] and the same mesh was used in the current study. The flow
domain was discretized into 100 sections inside the glottis. The vocal fold vibration was simulated
for 0.2 seconds with a time step of 2.27×10-5 second (which corresponds to a sampling rate of 44.1
kHz).

37

Figure 3-1 Simulation setup and procedure.
(a) The MRI-reconstructed canine laryngeal model which contains major anatomic components including muscles,
cartilages, and vocal folds. (b) The laryngeal muscle mechanics model was used to simulate static deformations of
the vocal folds upon muscle activations. (c) The vocal fold deformation obtained from posturing simulation, along
with TA activation, were applied on the resting vocal fold configuration to generate the pre-phonatory shape,
tension, and stiffness of the vocal folds. The vocal folds were then coupled with the glottal aerodynamics model and
vocal tract acoustics model to simulate vocal fold vibrations and sound generation.

The activation of the CT/TA was systematically varied from 0 (no activation) to 1.0 (full
activation) with an increment of 0.1. It resulted in a total 121 simulation cases. Previous studies
showed that the phonation onset pressure was higher when the CT/TA activation was higher
[Chhetri et al., 2014b], therefore, the minimum subglottal pressure required for sustained
vibrations varies by muscle activation levels. To ensure sustained vibrations under most activation
conditions, we used a relatively high subglottal pressure of 2.0 kPa. Among the 121 simulation
cases, 112 of them (92%) showed sustained periodic vibrations. The 9 unsuccessful cases were all
at the highest CT and TA activations.
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The cases in a parametric set are referred to by the activation levels (aCT,aTA), where both aCT
and aTA are in the range of [0, 1]. For example, case (0.5,0.4) is the case in which the activation of
CT is 50% and TA 40%. Cases (*,0.4~0.6) include all the cases with the TA level of 0.4 to 0.6 and
CT levels from 0 to 1.
3.3 Results
3.3.1 Effects of CT/TA activation on vocal fold medial surface shape
Figure 3-2a shows the 3D shape of the left vocal fold at the resting position. The part of the
medial surface where effective vibration occurred was shaded in green. Figure 3-3 shows the shape
change of this part of the medial surface under CT and TA activations. Specifically, each colored
subfigure shows the projection of this part of the medial surface on the Y-Z plane at different aCT
and aTA combinations. The color represents the contour of the lateral displacement (in the X
direction). Note that only the selected cases with aCT and aTA equal to 0, 0.2, 0.5, 0.8, and 1 are
plotted. Other cases showed similar trends and are not plotted. Each column corresponds to a fixed
TA activation, and each row corresponds to a fixed CT activation. The sub-figures in the last right
column show the X-Y profiles of the medial surface at a Z-cross-section (indicated by the black
lines in the Y-Z projection plots) at different TA activations and a fixed CT activation. The
subfigures in the top row depicts the same profiles at different CT activations and a fixed TA
activation.
It can be seen that CT and TA activations had opposite effects on the anterior-posterior (AP)
length (Z direction) and vertical height (Y direction) of the vocal fold: CT increased the AP length
and decreased the vertical height, while TA decreased the AP length and increased the vertical
height. These effects are consistent with in vivo observations and other computer model predictions
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[Vahabzadeh-Hagh et al., 2017b; Yin and Zhang, 2013]. The figure also reflects that the change
of the vertical height primarily occurred at the superior edge through the rising/falling of the edge.
The movement at the inferior edge due to its connection to the cricoid cartilage. This observation
is also consistent with in vivo observation [Vahabzadeh-Hagh et al., 2017a]. Furthermore, the line
plots in the revealed that the effectiveness of both CT and TA in changing the medial surface shape
reduced with activation level: they were most effective when the activation level was low.

Figure 3-2 Left vocal fold and a cross section.
(a) 3D shape of the vocal fold in the resting position. The green shade indicates the part of the medial surface that
effectively vibrated in FSAI. The two cylinders indicate the location and size of numerical indentation. (b) The
profile of the mid-coronal cross-section of the vocal fold. The profiles of the internal muscles are also shown. w and
h measure the width and vertical height of the vocal fold, respectively. The two rectangle bars indicate the location
and size of numerical indentation in the plane.

Figure 3-3 also shows that TA activation significantly increased the bulging of the vocal fold
at all CT levels, while CT activation slightly decreased the bulging only when TA activation level
was very low (cases (*,0~0.2)); at medium to high TA activations, CT showed nearly no effect on
the vocal fold bulging. These effects are consistent with in vivo observations [Vahabzadeh-Hagh
et al., 2017b]. In addition, the contour plots reflect that the increase of the vocal fold bulging
induced by TA activation was non-uniform on the vocal fold surface. In general, the increase was
more at the posterior than at the anterior and more at the inferior than at the superior; the increase
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was most prominent at an inferior-posterior region. One possible reason for more bulging near the
posterior might be that the TAv muscle is thicker near the posterior. As for more bulging near the
inferior, it might be associated with the connection of the inferior vocal fold to the cricoid cartilage
which restricts the tissue from moving in the vertical direction but not in the lateral direction.

Figure 3-3 Effects of muscle activation on medial surface shape.
Variation of the medial-surface shape of the vocal fold at the selected aCT and aTA equal to 0, 0.2, 0.5, 0.8, and 1
Each colored subfigure shows the projection of the medial surface on the Y-Z plane at a certain CT/TA combination.
The color represents the contour of the lateral displacement (in the X direction). The sub-figures in the last right
column show the X-Y profiles of the medial surface at a Z-cross-section (indicated by the black lines in the Y-Z
projection plots) at different TA activations with a fixed CT activation. The subfigures in the top row depicts the
same profiles at different CT activations with a fixed TA activation.

A group of parameters are defined to quantify the changes of the vocal fold shape, including
vocal fold width (w), stretch (𝜆), height (h), and contact area (𝐴K ). Figure 3-2b illustrates the
definition of the vocal fold width and height. The width is defined as the horizontal distance
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between the most inferior and lateral points on the mid-coronal plane of the vocal fold, and it is
used to quantify the bulging of the vocal fold. The height is defined as the vertical distance between
the most inferior and superior points on the mid-coronal plane of the vocal fold. The stretch is
defined as the ratio of the vocal fold length to its neutral length in the longitudinal direction. Note
that the vocal fold width, height and stretch were measured in the absence of the contact plate. The
contact area is defined as the area of the medial surface of the vocal fold in contact with the contact
plate.
Figure 3-4 shows the contour of each parameter in the full CT/TA activation space. Figure
3-4a shows that the vocal fold width was predominantly affected by TA activation, confirming the
previous observation in Figure 3-3. Quantitatively, increasing the TA activation from aTA=0 to 1
increased vocal fold width by about 14% at all CT levels. Increasing the CT activation had little
effect on the width; the largest effect is seen at zero activation of TA that increasing CT from aCT=0
to 1 decreased the width by about 6%. Figure 3-4b shows that TA shortened the vocal fold in the
longitudinal direction while and CT elongated it. It also shows the contour line of stretch of 1 being
slightly below the diagonal, indicating that CT was slightly more effective than TA in regulating
the stretch. This trend agrees with what was reported in numerical [Yin and Zhang, 2013] and in
vivo [Titze et al., 1997] studies. The range of the stretch in our simulations was from 0.9 to 1.1,
smaller than one previous in-vivo canine measurement [Titze et al., 1997]. Nevertheless, the
current range is still physiologically reasonable since vocal fold stretch in the ranges between 0.92
to 1.14 has also been reported in in vivo canine models [Chhetri et al., 2012]. Figure 3-4c shows
the antagonistic effect of CT and TA on changing the vocal fold height: CT decreased the height
and TA increased the height. The contour line of zero (no height change) was very below the
diagonal line, indicating that CT was more effective than TA in adjusting the vertical height. The
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change of the vertical height ranged from -9% to 5% in our simulations. Figure 3-4d shows that
TA monotonically increased the contact area at all CT levels, and CT increased the contract area
only when aTA>=0.2. When aTA<0.2, CT showed no effect on the contact area. It is further shown
that the increase of the contact area with TA activation was due to the increased vocal fold bulging
and height, and the increase of the contact area with CT activation was due to the elongation of
the vocal fold. At low TA activations, CT slightly abducted vocal folds which reduced its effect
on the contact area.

(a)

(b)

(c)

(d)

Figure 3-4 Contours of geometric parameters of the vocal fold posturing.
Variation of (a) vocal fold width (w), (b) stretch (𝜆), (c) height (h), and (d) contact area (𝐴( ). Vertical axis: CT
activation level. Horizontal axis: TA activation level. w shows the horizontal distance between the most inferior and
most lateral points on the mid-coronal plane of the vocal fold. h shows the vertical distance between the most
inferior and most superior points on the mid-coronal plane of the vocal fold. 𝜆 shows the ratio of the vocal fold
length to its neutral length in the longitudinal direction. 𝐴( shows the area of the medial surface of the vocal fold in
contact with the contact plate. w and h are presented in percentage of variation to the neutral position.
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3.3.2 Effects of CT/TA activation on vocal fold stress and stiffness
CT and TA regulate the fundamental frequency and vocal register by adjusting the stress and
stiffness of the vocal fold tissues. In general, CT always stiffens the tissues by elongating them,
while TA has a complex effect: it, on one hand, slackens the tissues by shortening them, and on
the other hand, stiffens the muscle tissue, and its overall effect on the vocal fold stiffness is the
combination of the two mechanisms. While these effects are widely known, it remains unknown
how they interact to determine the overall stress and stiffness of the vocal fold. The computer
model in the current study separated the TAm, TAv and cover layer of the vocal fold, allowing
quantification of the stress in each individual layer and their combined effect on the stiffness of
the vocal fold.
Figure 3-5 shows the contour of the volume-averaged AP stress in the TAm, TAv and cover
layer as well as the entire TA by combining the TAm and TAv. Please note that the contour levels
in each layer are different due to the very different stress ranges. Negative and positive stresses mean
compression and tension, respectively.

It is observed that the AP stress in the TAv, TAm, and TA was one to two orders of magnitude
higher than that in the cover layer. Because the passive material properties of the cover and TA
tissues are very close, the large difference in the stresses between them indicates that the active
muscle stress outweighed the passive stress. It was also noticed that the TA tissues had tensile
stresses even when the vocal fold was shortened (for example, at aCT=0), which was also because
the tensile active stress outweighed the compressive passive stress. The results thus suggested that
the vocal fold would always has a large stress ratio between the muscle and cover tissues when
TA was activated and the ratio would increase with TA activation; the only exception would be at
zero TA activation when there is no active stress in the muscle tissues.
44

Figure 3-5 Contour of the volume-averaged AP stress.
(a) cover layer, (b) TA, (c) TAv, and (d) TAm. Vertical axis: CT activation level. Horizontal axis: TA activation
level. Contour levels in each layer are different due to the very different stress ranges. Negative and positive stresses
mean compression and tension, respectively.

Due to the dominance of the active stress, the AP stress in the TA tissues was predominantly
regulated by the TA activation; however, the effectiveness of TA was affected by CT. Specifically,
TA was more effective in increasing the AP stress when the CT activation was higher. For
example, increasing TA activation from zero to full increased the AP stress in TA from 0 to 7.9
kPa at zero CT activation, and from 1.2 to 11.4 kPa at full CT activation. From another perspective,
increasing CT activity helped achieving higher stress at the same TA activation. However, the
effect of CT was pronounced only when the TA activation was medium to high (0.3~1) and CT
activation was low to medium (0~0.5). At low TA activation (0~0.2) and medium to high CT
activation (0.4~1), CT had little effect on the muscle stress (cases (0~0.2,0.4~1)). The maximum
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stress in the TA tissues was achieved when both CT and TA at full activations. The results
suggested that while TA was more effective in adjusting the muscle stress, CT also played an
important role in achieving higher stress by increasing the effectiveness of TA regulation. In the
cover layer, however, both CT and TA effectively controlled the stress. Due to the lack of active
stress, the change of the stress was purely a response to the stretch variation. The maximum tension
was achieved when the CT activation was full and TA activation was zero.
The tissue stresses affect vocal fold vibration by affecting the transverse stiffness of the vocal
fold. To examine this effect, a numerical indentation method was used to measure the transverse
stiffness of the vocal fold at the mid-coronal position of the medial surface. The details of the
method were reported in a previous study [Geng et al., 2017]. Briefly, a uniform pressure of 2 kPa
was applied on a circular area with a radius of 1 mm on the vocal fold medial surface at the superior
and inferior positions (shown in Figure 3-2). The pressure caused local displacements and the
maximum displacement occurs at the center of the loading area. The local stiffness is estimated as
the ratio of the total indentation force to the maximum displacement. Note that superior and inferior
loading were applied separately.
Figure 3-6 shows that the stiffness of the vocal fold at the superior and inferior, as well as their
mean (the average of the inferior and superior stiffness) and vertical gradient (the difference of
inferior and superior stiffness divided by the vertical distance between the two indentation
locations). It was found that the stiffness at the inferior was significantly higher than that at the
superior. A previous computational study [Geng et al., 2017] revealed that the inferior-superior
geometry asymmetry of the vocal fold could cause a higher stiffness at the inferior than the
superior. As a result, the mean and vertical gradient of the stiffness were predominantly determined
by the inferior stiffness.
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Figure 3-6 Contour of the vocal fold stiffness.
(a) inferior and (b) superior as well as their (c) mean, and (d) vertical gradient. Mean contour shows the average of
the inferior and superior stiffness, and the gradient contour shows the difference of inferior and superior stiffness
divided by the vertical distance between the two indentation locations. Vertical axis: CT activation level. Horizontal
axis: TA activation level.

It was also noticed that the variation pattern of the mean stiffness and stiffness gradient was
well correlated with that of the AP stress in the TA, indicating that the stiffness was primarily
affected by the muscle stress. Therefore, both CT and TA activations increased the mean and
vertical gradient of the stiffness, and more importantly, one muscle was more effective when the
other muscle activation was higher. For example, at zero CT activation, increasing TA activation
from zero to full increased the mean stiffness from 0.085N/cm to 0.12N/cm and the stiffness
gradient from 0N/cm2 to 0.12N/cm2. At full CT activation, increasing TA activation from zero to
full increases the mean stiffness from 0.086 N/cm to 0.17 N/cm and the stiffness gradient from 0.0
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N/cm2 to 0.3 N/cm2. The effectiveness of CT on regulating the stiffness was also the highest when
TA was at full activation. As a result, the maximum stiffness and stiffness gradient were achieved
when both CT and TA were at full activations. The results indicated that the most effective way
for adjusting the stiffness of the vocal fold was to simultaneously adjust the CT and TA muscles.
3.3.3 Effects of CT/TA activation on glottic dynamics
Figure 3-7a shows the glottal flow dynamics of a representative case (0.5,0.4) with sustained
vibrations. The vibration went through initial irregular cycles characterized by varied frequencies
and amplitudes and gradually transitioned to steady cycles characterized by a steady frequency
and amplitude. To quantify the waveform of the glottal flow rate, the phase-averaged flow rate
was computed by dividing each steady cycle into 200 phases and computing the averaged flow
rate at the same phase over all the steady cycles. Figure 3-7b shows the phase-averaged flow rate
of the case (0.5,0.4). T is the time period of the vibration, and the fundamental frequency was
computed as f0 = 1/T. To and Tc are the time duration when the glottis was open and closed,
respectively. Tp and Tn are the time duration when the glottis was opening and closing,
respectively. A few quantities were computed to characterize the waveform of the flow rate,
n ), speed quotient (Tp/Tn) and closure quotient (Tc/T).
including the mean flow rate (Q

Figure 3-7 Flow rate information.
(a) The time history of the volumetric flow rate of a representative case (0.5,0.4) of sustained vibration, and (b) the
phase-averaged flow rate of case (0.5,0.4). A few quantities were defined to characterize the waveform of the
flowrate, including T being the time period of the vibration, To and Tc being the time duration of an open and closed
glottis, respectively, Tp and Tn being the time duration of glottis opening and closing, respectively.
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The contours of the glottal flow parameters under the CT and TA activations were plotted in
Figure 3-8. Note that the cases that did not converge to a sustained vibration were left blank.
Fundamental frequency
f0 in our simulations ranged from 145 Hz to 190 Hz, with the lowest at the zero activation of
both CT and TA, and the highest at (1,0.6). This frequency range is lower than what was reported
from in vivo canine experiments by Chhetri et al. [Chhetri et al., 2012, 2014b]. One of the possible
reasons could be that the simulations were using a fixed subglottal pressure while the experiments
varied the subglottal pressures for obtaining sustained vibrations.
Our results showed that f0 monotonically increased with CT activation, but with a discontinuity
at a certain activation level: when CT was activated from zero to full at a fixed TA activity, f0 first
continuously increased and then abruptly jumped to a high value and then continued to increase
but with a lower increasing rate. The lower increasing rate of f0 at high CT activation was likely
due to that CT became less effective in increasing the muscle stress (Figure 3-5) and stiffness
(Figure 3-6) at high activation. The effect of TA on f0 shows a more complex pattern. When CT
activation was low (aCT<0.2), TA activation monotonically increased f0, but to a very slight extent.
When aCT>0.2, f0 first quickly increased with the TA activation and then reached its maximum
when the TA activation was slightly less than the corresponding CT activation; further increasing
the TA activation caused an abrupt drop of f0, after which f0 increased again but with a much lower
rate. As a result, high frequencies were observed at regions where TA activation was medium and
CT activation was high. The highest frequency occurred at case (1,0.6). Our results show that CT
monotonically increased f0, and TA first increased and then decreased f0, as well as that high
frequencies occurred at medium TA activation and high CT activation agreed with an in vivo study
in canine larynx [Chhetri et al., 2014b].
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The discontinued change of f0 at certain TA and CT activations suggested that a bifurcation
occurred in the nonlinear dynamic system of vocal fold vibration. Empirical eigenfunction analysis
of the current simulation results showed that the vocal fold vibration can be largely accounted for
by two basic modes representing a lateral motion and a rotational motion. The bifurcation was
associated with the change of the mode order. Specifically, before the frequency drop, the mode
representing the lateral motion was the most dominant with more than 60% of the total energy and
the mode representing the rotational motion had about 25% of the total energy. The energy
percentage of the two modes flipped after the frequency drop and the mode representing the
rotational motion became the most dominant. Due to the page limit as well as that the focus of the
current paper is parameter correlations, dedicated analysis of modal entrainment is discussed in a
separate paper.
Speed quotient
Figure 3-8b shows the contour of the speed quotient in the full CT and TA activation space.
The speed quotient characterizes the relative duration of glottis opening and closing: a speed
quotient of one indicated the same duration of glottis opening and closing, and a speed quotient
lower than 1 indicated shorter opening than closing and vice versa. Our simulations showed that
in most cases, except a few cases at low TA activations, the speed quotient was greater than one,
indicating that the glottis had shorter closing than opening. Interestingly, the pattern of speed
quotient also showed discontinuities at the same muscle combinations where the discontinuity of
f0 occurred, suggesting again that the frequency discontinuity was associated with vibration
changes. Generally, the speed quotient was lower in the region of low TA and high CT, and higher
in the region of high TA and low CT. A distinct region with the highest speed quotient was found
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very low CT activations, which also corresponded to the lowest f0. In this region, the vibration
modes of the vocal fold were found to be different from other regions.
Closure quotient
Figure 3-8c shows the contour of the closure quotient in the full CT and TA activation space.
In general, CT and TA activations increased the closure quotient, except in the low CT activation
region (aCT<0.3) where the closure quotient was distinctly high. Figure 3-4d shows that both CT
and TA activations increased the contact area, and Figure 3-8d shows that CT and TA activations
generally increased closure quotient, implying a positive correspondence between closure quotient
and contact area. In other words, a larger contact area requires more effort to push the glottis to
open, thus leading to an increased closure quotient. However, in the low CT activation region, the
very high closure quotient was due to a distinct laryngeal dynamics.
Flow rate
Figure 3-8d shows the contour of the mean flow rate in the CT and TA activation space. It was
seen that the flow rate dropped quickly when TA activation increased from zero to 20%; after that,
TA activation continued to decrease the flow rate, but to a small extent. CT activation showed little
effect on the flow rate. This pattern was consistent with the effect of CT and TA on the bulging of
the vocal fold (Figure 3-4a) that TA activation increased the bulging and CT had little effect, and
moreover TA was most effective at low activations. This consistency suggested that the vocal fold
bulging played a primary role in controlling the flow rate, which agrees with a past computational
study [Alipour and Scherer, 2000]. Note that past research showed other factors affecting the flow
rate, including vocal stress/stiffness and vertical stiffness gradient. In our results, the effects of
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these factors were secondary. The fact that the flow rate was stable across a wide range of muscle
activations helps maintain speech effort in a wide range of frequency.
Voice intensity
Figure 3-8e shows the contour of voice intensity in the CT and TA activation space. The voice
intensity was computed as the root-mean-square (RMS) value of the sound pressure wave at the
mouth (that is the main reason for the higher value for sound intensity than usual). Across the full
range of CT and TA activations, the change of voice intensity was small. This agrees with other
studies which found that voice intensity is primarily controlled by subglottal pressure, which was
not changed in our simulations [Lowell and Story, 2006; Tanaka and Tanabe, 1986]. Even though
the changes were small, TA showed a consistent effect on decreasing the voice intensity while CT
showed a complex pattern. It was further noticed that the voice intensity after the sudden frequency
drop (in the TA activation direction) was lower than other cases, suggesting that the vibration
change tended to decrease the voice intensity.
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Figure 3-8 Contours of glottal flow parameters.
(a) fundamental frequency (f0), (b) speed quotient, (c) closure quotient, (d) flow rate, and (e) voice intensity (I). f0
is one over the time period of the vibration, speed quotient is the time duration of glottis opening over the closing,
closure quotient is the time duration of closed glottis over the time period of the vibration, and voice intensity is
calculated as the root-mean-square (RMS) value of the sound pressure wave. Vertical axis: CT activation level.
Horizontal axis: TA activation level.

3.3.4 Multiple-parameter correlation between vocal fold posture and frequency
To understand how muscle controls the frequency through posturing, we studied the multipleparameter correlation (𝑟) among posture parameters and frequency using the following equation:
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where 𝑟.% L is the correlation factor between each posture parameter and frequency, 𝑟.% .# is the
correlation between two posturing parameters, and N is the number of posture parameters
participating in multiple correlation. The correlation between each two variables (𝛼 and 𝛽) can be
calculated using the following equation:

𝑟MN =
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(3-2)

where n is the number of data in variables. It should be noted that 𝑟MM = 1 and 𝑟MN = 𝑟NM .
The correlations between the posture parameters (w, h, 𝜆, 𝐴K , σ, and F/dx) and f0 were studied
and the combination of stress, stretch and stiffness was found to have the strongest correlation with
f0 with the factor of r = 0.89. Figure 3-9a shows a three-dimensional view of the stress, stretch, and
stiffness of each case colored by f0. The pink plate corresponds to the stretch of 1, meaning the
vocal fold length was the natural length. Figure 3-9b and c show the two-dimensional view of the
relationship by using the stretch as the horizontal axis, and the stress (Figure 3-9b) and stiffness
(Figure 3-9c) as the vertical axes. The black dash line represents the cases of the stretch of 1. Left
and right to the dash line correspond to vocal fold shortening and elongation, respectively. The
arrows indicate the paths of increasing CT and TA activations. Figure 3-9b and c reveal that CT
activation increased stretch, stress and stiffness, although at different rates, resulting in monotonic
increase of the frequency. TA activation, however, increased the stress and stiffness but decreased
the stretch, suggesting a complex mechanism in controlling f0. Very interestingly, if the vocal fold
shortening and elongation zones were studied separately, we found that in each zone f0
monotonically increased with TA activation, indicating that f0 was primarily affected by the stress
and stiffness. However, f0 abruptly dropped when the vocal fold stretch changed from elongation
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to shortening by TA activation. Note that vocal fold experiences compression in shortening and
tension in elongation, and the discontinuity of f0 suggested a bifurcation of glottic dynamics. Our
results, thus, suggested that vocal fold in compression or tension would cause different glottic
dynamics. Specifically, in our results, when the vocal fold changed from in compression to tension,
the glottic dynamics changed from a condition with lower frequencies to another with higher
frequencies.

Figure 3-9 Correlation between vocal fold posture parameters and fundamental frequency.
(a) Stress, stretch, and stiffness of studied cases, colored by the fundamental frequency. The pink plate shows the
location of the no-stretch condition. Studied cases in (b) stretch-stress and (c) stretch-stiffness planes, colored by the
fundamental frequency. The dashed line shows the location of the no-stretch condition. The left and right sides of
the dashed lines are the shortening and elongation regions. Directions of CT and TA activations are shown by
arrows.

Figure 3-10 shows the range of the voice intensity and frequency with the contour of the CT
and TA activations. It should be noted that because the subglottal pressure was kept constant in
our simulations, the voice intensity change was caused only by muscle activations. The figures
reflect that the voice intensity had the widest range at medium frequencies. Toward low and high
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frequencies, the range of voice intensity decreased quickly, meaning that its adjustability was low
only by muscle activations. The figure also shows that CT activation had large variations at high
frequencies and TA activation had large variations at low frequencies. It suggests that the voice
intensity was effectively adjusted by CT activations at high frequencies and by TA activations at
low frequencies. Furthermore, the results indicate that to achieve high voice intensity at high
frequencies, CT and TA need to be at high and low activation levels, respectively.

Figure 3-10 Relationship between fundamental frequency and voice intensity.
Studied cases in frequency-intensity plane colored by muscle activation levels: (a) CT and (b) TA.

3.4 Discussion
The simulations on the vocal fold posturing showed that TA activation decreased the AP length
and increased the bulging, height and contact area of the vocal fold, and CT activation increased
the AP length and contact area and decreased the height of the vocal fold. CT activation slightly
decreased the bulging of the vocal fold when TA activation was low and had nearly no effect on
the bulging when TA activation was medium to high. These observations were found to generally
agree with past in vivo studies on canine larynges [Vahabzadeh-Hagh et al., 2017b, 2017a]. Our
results also showed that TA was predominant in controlling the vocal fold bulging, while the CT
was more effective in controlling the vocal fold height and stretch.
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Both CT and TA activations increased the vocal fold stress, however, the mechanisms were
different. CT increased the stress by generating passive stress associated with stretching, and TA
increased the stress by generating active stresses. It was found that the active stress was one to two
orders of magnitudes higher than the passive stress, therefore the stress in the TA tissues was
predominantly controlled by the TA activation. However, the effectiveness of TA was affected by
CT: TA was more effective in increasing the stress when CT activation was higher. Due to the
large difference between the active and passive stresses, our results suggested that the vocal fold
would have a large stress ratio between the muscle and cover tissues when TA was activated and
the ratio would increase with TA activation; the only exception would be at zero TA activation
when there is no active stress in the muscle tissues. Due to that the active stress outweighed the
passive stress, the vocal fold stiffness was primarily affected by the muscle stress. Therefore, TA
was more effective in controlling the stiffness, yet its effectiveness was increased by increasing
CT activation. The results indicated that the most effective way for adjusting the stiffness of the
vocal fold was to simultaneously adjust the CT and TA muscles.
The simulations on FSAI showed that both CT and TA activation had small effects on the flow
rate and voice intensity, suggesting that CT and TA are not primary controllers of these two
features. Past studies indicated that the voice intensity and flow rate were primarily controlled by
respiratory parameters, including the subglottal pressure and vocal fold abduction/adduction
[Alipour and Scherer, 2000; Zhang, 2016a]. Our simulations have kept the subglottal pressure
constant and the results showed a positive correlation between the variation of flow rate and vocal
fold bulging, therefore agreed with past studies. CT and TA activations were found to both increase
the closure quotient of the vocal fold vibration due to their effects on increasing the pre-phonatory
contact area which increased the required aerodynamic effort to open the glottis. A computational
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study on the effect of the vertical thickness of vocal fold medial surface on voice production (Wu
and Zhang [Wu and Zhang, 2019]) found that closure quotient was significantly affected by the
vertical thickness with a positive correspondence. Our results, however, showed that CT activation
reduced vocal fold vertical height (Figure 3-4c) but increased closure quotient. The results may
seem inconsistent with Wu and Zhang [Wu and Zhang, 2019] from the first glance. However, a
closer comparison between their and our results revealed that the increase of closure quotient in
the two studies were both due to the increase of the contact area. In Wu and Zhang [Wu and Zhang,
2019], a three-dimensional vocal fold model was employed and so an increase in the vertical
thickness of the medial surface implied an increase of the contact area. The positive
correspondence of the closure quotient and vertical thickness thus implied a positive
correspondence between the closure quotient and contact area.
An analysis on the relationship among voice intensity, f0 and muscle activations showed that
the adjustability of the voice intensity was highest at medium frequencies. At high frequencies, the
voice intensity was effectively adjusted by CT activations, and at low frequencies, it was
effectively adjusted by TA activations. To achieve high voice intensity at high frequencies, CT
and TA needs to be at high and low activation levels, respectively.
CT and TA showed a complex control on f0. CT activation monotonically increased f0, but with
an abrupt jump at a medium CT activation level. TA activation, however, showed a more complex
effect. When CT activation was low (<0.2), TA activation monotonically increased f0, but to a very
slight extent. When CT activation was medium to high, increasing TA activation first quickly
increased f0, and then caused an abrupt drop of f0, and at last increased f0 again but to a much
smaller extent. As a result, high frequencies were observed at regions where TA activation was
medium and CT activation was high. A similar complex pattern was also observed in an in vivo
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canine study [Chhetri et al., 2014b]. Discontinuities were also observed in speed quotient at the
same muscle activations. These discontinuities suggested dynamics changes in vocal fold
vibrations. Further analysis revealed that the frequency pattern was highly correlated with a
combination of the stress, stiffness and stretch of the vocal fold. When the vocal fold was either in
compression or tension, increasing the CT and TA activations increased the stress and stiffness
and so increased f0. Abrupt frequency drop occurred when the vocal fold changed from being in
tension to compression due to TA activation. Our results, thus, suggested that while f0 was
primarily adjusted by the stress and stiffness of the vocal fold, the condition if the vocal fold is in
compression or tension was also important in determining the f0 range by causing different glottic
dynamics.
The current study has some limitations. Because of the limited range of the vocal fold stretch,
the range of f0 was limited. The dependence of vocal fold posturing and glottal flow results to the
different muscle activation levels could be different in the population. To the best of the authors’
knowledge, although some studies investigated the effects of age, gender, height, etc. on the vocal
fold properties such as vocal fold length [Filho et al., 2005] and fundamental frequency [Zhang et
al., 2006], the muscle activation has not been considered and the corresponding data is not
available. Moreover, although ligaments play an important role in vocal fold dynamics [Kelleher
et al., 2014], ligaments have not been included in the current model due to the lack of information
in MR images. Furthermore, LCA was not activated since the model has been constructed based
on MRI scans of an artificially adducted canine larynx. Therefore, the effect of TA activation on
the artificially closed vocal fold could be different from the one that starts from an open glottis
adducted by the LCA activation. Another limitation of the current study is the compressional stress
in the fiber direction. Experimental studies reported that the muscle showed anisotropic behavior
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under compression with the stiffness in the cross-fiber direction being higher than that in the fiber
direction. In the current study, this anisotropic behavior is not modeled by the Neo-Hookean
component, possibly resulting in an overprediction of the compressional stress in the fiber
direction. However, since the active stress was always one to two orders larger than the passive
stress in our results, even when the passive stress might have been overpredicted under
compressions, it is expected that the effect to be very small. The CT:TA ratio of the maximum
active stress is another important parameter that is considered equal to one in this study. Further
studies are required to investigate the effects of changing the maximum stress ratio on the posturing
and glottal flow parameters. Moreover, subglottal pressure, which is an essential factor in vocal
fold vibration dynamics, was fixed in this study. Another interesting subject for further study is to
disentangle the origins of the vocal folds stiffening during the muscle activation and evaluate their
effectiveness.
3.5 Conclusion
A 3D high-fidelity continuum mechanics laryngeal model which incorporated both active
muscle mechanics and FSAIs was used to investigate the effects of CT and TA activations on vocal
fold postures, vocal fold vibrations and voice outcomes. The laryngeal model included major
anatomic features including the conus elasticus, the paraglottic space and all the relevant cartilages
and muscles, and the geometry of each component was reconstructed from MRI scans of a canine
larynx. Parametric simulations were conducted by systematically varying the activation level of
the CT and TA muscles from 0 to 1. The obtained vocal fold pre-phonatory postures, vocal fold
vibrations and voice outcomes at each muscle condition was quantified. The effect of CT and TA
activation on these quantities was studied and the associated mechanisms were discussed. Prephonatory postures results revealed that both TA and CT activations increased the vocal fold
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contact area, stress, and stiffness. While TA activation decreased the length and increased the
height of the vocal fold, CT activation showed opposite effects by increasing and decreasing the
vocal fold length and height, respectively. Moreover, TA activation increased the bulging. FSAI
results revealed that both CT and TA activations increased the closure quotient, and had small
effects on the flow rate and voice intensity. Furthermore, CT and TA showed a complex pattern
on the fundamental frequency behaviour. It was shown that the frequency pattern was highly
correlated with a combination of the stress, stiffness and stretch of the vocal fold.
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CHAPTER 4
IMPLANT OPTIMIZATION FOR TYPE 1 THYROPLASTY
In this chapter, a computational framework is proposed for virtual optimization of implant
configurations of type 1 thyroplasty based on patient-specific laryngeal structures reconstructed
from MRI scans. The larynx model used in this study is similar to the model utilized in the previous
chapter with two major modifications: (1) the left side of the larynx is mirrored to form a
symmetric larynx. This would be vital for this study since both symmetric and asymmetric
activation of muscles are needed to respectively generate healthy and paralyzed cases. (2) The CT
muscles (both oblique and the vertical parts) are modified from MRI scans. Through integration
of a muscle mechanics-based laryngeal posturing model, a flow-structure-acoustics interaction
voice production model, a real-coded genetic algorithm, and virtual implant insertion, the
framework acquires the optimal implant configuration that achieves the desired acoustic objective
functions in virtual surgeries. The framework is showcased by successfully optimizing an implant
that restores acoustic features of a diseased voice resulted from unilateral vocal fold paralysis
(UVFP) in producing a sustained vowel utterance. The sound intensity is improved from 62 dB
(UVFP) to 81 dB (post-correction).
4.1 Introduction
Unilateral vocal fold paralysis/paresis (UVFP) and bowing are among the most common
causes of voice disorders. In many cases of paralysis/paresis, and in almost all cases of bowing,
there is a pre-phonatory gap between the folds. The gap, also named glottis insufficiency, often
results in a breathy voice, lack of projection, and vocal fatigue. The most common permanent
procedure for treating UVFP is type 1 thyroplasty (TT1) [Isshiki et al., 1975], which restores the
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vocal fold vibrations by implanting a configured support structure to the paretic fold to reduce the
glottis insufficiency during phonation. The optimal voice outcome depends upon the exact
placement of the implant relative to the position of the underlying vocal fold, specifically the
configuration and position of the implant. The current procedures primarily rely on intra-operative
voice tests at the time of operation and a trial-and-error approach is mostly used to determine the
implant configuration and position. This has allowed significant variability in surgical outcomes.
The open revision rate of TT1 procedures has been reported to be between 5% to 24% [Anderson
et al., 2003; Rosen, 1998].
The effects of implant parameters, e.g., implant material [Cameron et al., 2020], insertion depth
[Smith et al., 2020], and shape [Zhang et al., 2015], on voice correction have been studied in both
ex-vivo and computational models; yet, no consensus on the optimal implant parameters has been
reached. Optimal TT1 treatment remains a significant challenge mainly due to several inherent
factors, i.e., subtle changes in the implant configuration and position can have nonlinear effects on
voice production, patient physiology and anatomy are heterogeneous, and there is no room for
extensive trial-and-error during the surgery. Computer simulation promises to impact many
surgical procedures through extensive, virtual testing on personalized physiology and anatomy
prior to the actual surgery. A simulation-guided, patient-specific surgical planning approach could
be a viable solution for TT1 optimization. A few high-fidelity computer models of phonation
[Chen et al., 2012; Movahhedi et al., 2021; Wu and Zhang, 2019], that can incorporate patientspecific realistic vocal fold anatomy (geometry and material properties), have been proposed
toward this goal. Yet, a fully integrated model that incorporates muscle activation, implant
insertion, flow-structure-acoustics interaction (FSAI), and optimization has not been available.
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In this paper, we present an integrated computational framework for patient-specific surgical
planning of TT1. Through seamless integration of a muscle mechanics-based laryngeal posturing
model, an FSAI voice production model, a genetic algorithm (GA) optimization, and virtual
implant insertion, the framework acquires the optimal implant configuration that minimizes the
desired objective function in virtual TT1 surgeries. The framework is showcased by successfully
optimizing an implant that restores key acoustic features of a diseased voice resulted from UVFP.
The results are tested for producing a sustained vowel utterance at both constant and dynamicchanging pitches.
4.2 Methods
4.2.1 Overview of the computational framework
Figure 4-1 depicts the overview of the optimization framework, including (1) reconstructing
patient-specific geometries of laryngeal components from MRI images (Figure 4-1a), (2)
generating asymmetric pre-phonatory postures of vocal folds through asymmetric muscle
activations in a laryngeal muscle mechanics model (Figure 4-1b), (3) performing virtual implant
insertion on the paralyzed vocal fold using finite-element simulation (Figure 4-1c), (4) performing
FSAI simulations with the surgically-corrected vocal fold, (5) optimizing the implant
configuration using the simulated acoustic outcomes as the objective function, (6) repeating steps
(3)-(5) until the optimal acoustic outcomes are achieved. The details of the laryngeal and FSAI
models have been reported in our previous works [Geng et al., 2020; Movahhedi et al., 2021].
Briefly, the muscle mechanics model is coupled with the 1-D Bernoulli flow model and a 1-D
wave-reflection acoustic model [Story, 1996] to simulate FSAI during voice production. In this
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work, a real-coded GA is further coupled with the above models to optimize the implant
configuration.
4.2.2 Geometric model and vocal fold posturing
The laryngeal geometric model and tissue properties have been described in detail in a previous
study [Geng et al., 2020]. In the model, the cricoarytenoid joint is modeled by constraining the
arytenoid cartilage to a rotating-sliding motion with respect to the long joint axis. In this study, the
same model is used to simulate vocal fold posturing in UVFP. To accommodate the virtual implant
insertion, the tied connection between the lateral surface of the vocal fold and the inner surface of
the thyroid cartilage is relaxed. Instead, a contact pair is setup between the two surfaces to prevent
penetration. The UVFP is simulated by activating the thyroarytenoid (TA) and lateral
cricoarytenoid (LCA) muscles on the left vocal fold to 50% and 100% levels, respectively, and
deactivating the TA and LCA on the right vocal fold. The lateral cricoarytenoid (LCA) and CT
remained inactive throughout the simulation. This condition represents the injury of the right
recurrent laryngeal nerve (RLN) which controls all the intrinsic laryngeal muscles of the right
vocal fold except CT. For comparison, the vocal fold posturing at normal condition (named normal
case in the rest of the context) is also simulated by applying symmetric activations of TA and LCA
on both vocal folds. The activation levels of the TA and LCA in this case are 50% and 100%,
respectively. The IA muscle bundles in our model are lumped into a single muscle bundle;
therefore, the IA muscle is fully deactivated in the UVFP case and fully activated in the normal
case.
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4.2.3 Virtual implant insertion
The thyroplasty implant is modeled as a three-dimensional trapezoid-shaped solid block
(shown in Figure 4-1e), the typical shape of a silastic implant. Three parameters are defined for
implant configuration, namely the insertion depth, h, anterior-posterior angle, 𝛼, and inferiorsuperior angle, 𝛽. The Young’s modulus of the implant is set at 30 MPa, representing a stiff
implant material. To insert the implant, a 7.5 mm × 10 mm rectangular window is placed 2.5 mm
above the inferior edge of the thyroid cartilage and 6 mm back from the midline of the thyroid
cartilage, which are the typical size and position used in the surgery [Sulica and Blitzer, 2006].
The implant insertion is simulated by allowing the implant virtually penetrating through the
window until the implant base is leveled with the outer surface of the thyroid cartilage. A contact
boundary condition is applied between the implant medial surface and the lateral surface of the
paralyzed fold. The paralyzed fold is pushed medially through the contact with the implant. Areas
of the lateral surface of the paralyzed fold that are not in contact with the implant are free to move
and assume passive deformation. The animations of pre-phonatory posture of UVFP and the
surgery cases are displayed in Mm. 1.
4.2.4 Simulation setup
The vocal folds are extracted from the posturing simulations and used for FSAI simulation
with fixed boundaries and corresponding muscle activations (Figure 4-1d). A subglottal pressure
of 1.0 kPa is applied to drive FSAI. According to Murry [Murry, 1971], the subglottal pressure
during sustained phonation of the vowel /a/ varies from 0.5 to 1.4 kPa. The glottic flow channel
between the two vocal folds is discretized into 100 sections. The vocal fold vibration is simulated
for 200 milliseconds with a time step of 2.27 × 10(# milliseconds (which corresponds to a
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sampling rate of 44.1 kHz). A vocal tract shape for generating the vowel /a/ is used [Story, 1996,
2005].
4.2.5 Optimization
The optimization is performed by a real-coded GA [Goupee and Vel, 2006]. Unlike the original
GA, which is based on binary string of genes, the real-coded GA is based on chromosomes
containing actual values of parameters. Therefore, the mutation applies to the chromosome
parameters, allowing the optimization over a continuous search domain. It also allows for
obtaining the values of chromosome parameters with the precision of the machine. In the current
optimizer, the simulated binary crossover (SBX) and tournament selection operators are used for
the mutation and reproduction, respectively. In this study, the mutation rate of 0.1 has been utilized.
Furthermore, an efficient constraint-handling method is used, which selects the solution with a
smaller objective function in comparing two feasible solutions. When the solutions are infeasible,
the method selects the one with the smaller constraint violation. We would like to note that
although the constraint handling has been implemented in the GA code, no constraint is applied in
this study. The GA code is integrated with the laryngeal muscle mechanics model and FSAI model
to search the combination of the implant parameters, h, 𝛼, and 𝛽, that minimize the objective
function defined below:
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(4-1)

where “CPP” stands for cepstral peak prominence, and “I” represents vocal intensity. W is the
weight of each parameter in the objective. Here, an equal weight of 0.5 is considered for both
parameters. The “Ref” refers to the reference value of each parameter. In the current study, they
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are set to CPPSTU = 24 and ISTU = 81.5 dB, which are heuristic and reflect normal like phonation.
These acoustic parameters are calculated using the acoustic pressures obtained from the FSAI
simulations. It should be noted that the objective function can have varied forms by including
different aerodynamic and/or acoustic parameters as well as different weights of the parameters;
therefore, the framework has the potential to yield different desired voices to fulfill specific or
personalized needs.

Figure 4-1 Overview of the optimization framework.
(a) Full larynx model in resting position. All laryngeal intrinsic muscles are inactive. (b) Larynx model prephonatory posturing after asymmetric activation of CT and TA muscles. (c) Implant insertion simulation on the
paretic side. (d) FSAI simulation on the extracted vocal folds. (e) Shape of the implant controlled by three
parameters.
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4.3 Results and discussion
4.3.1 Optimization at a constant pitch
In the demonstration case, the ranges of the implant parameters were set as 0 < ℎ < 3 mm,
0° < 𝛼 < 20° , and −20° < 𝛽 < 20° , aiming to cover wide conditions. The optimization
converged after 10 generations with 63 populations, where the relative change of the objective
function was less than 1% at the last generation. With 64 processors, the entire optimization
process took about 10 hours, 87%, 11%, and 2% of which were spent on the FSAI simulation,
implant insertion simulation, and optimization, respectively. The GA randomly generates multiple
sets of initial values of the parameters within the specified ranges. In this study, the optimization
has been run for multiple times with different initial values. The results were found to be almost
identical, indicating independence of initial values selection. For the case reported in this paper,
the optimized implant configuration improves the CPP and sound intensity by 47% and 23%,
compared to the worst configuration among all the populations. It corresponds to an 56%
improvement on the objective function. The obtained optimized configuration is ℎ = 2.2 mm, 𝛼 =
9.9° , and 𝛽 = −8.5° . Figure 4-2 shows the endoscopic view of vocal fold pre-phonatory posture
(top row), the time history of glottal flow rate (middle row), and the spectrogram of the simulated
acoustic pressures (bottom row), in the three cases, i.e., the normal, UVFP, and virtual surgery
case with the optimized implant. The results show that, in the normal case, the laryngeal posturing
is able to fully close the glottic gap, resulting in a periodic sustained vibration indicated by the
flow rate curve, and a clear concentration of the acoustic energies on the harmonics. A clean /a/
sound can also be heard from the audio file (Mm. 2). In the UVFP case, the deactivation of the IA
and right LCA and TA results in a large glottic gap. The flow rate shows a small amplitude
fluctuation with a large leakage of about 600 ml/s. A highly breathy sound can be heard from the
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audio file (Mm. 3). This case also shows a loss of harmonic energy and an increase in highfrequency energy. These observations agree with clinical measurements [Hartl et al., 2001b;
Isshiki, 2000]. In the surgery case, the implant deforms the paretic vocal fold toward the midline
and can restore the glottic closure, although a gap remains at the posterior. A couple of factors
have contributed to the posterior gap in the surgery case. First, the inward rotation of the arytenoid
cartilage is smaller compared to the normal case due to the implant acting from the anterior side
and the IA muscle being inactive. Second, the thin surface tissue covering the arytenoid cartilages
are not included in the model, which leaves a small posterior gap (~1 mm) in the normal case as
well (Figure 4-2a). The post-correction posterior gap would be smaller if the surface tissue were
included. To add validity to the simulation results, a posterior gap can sometimes remain after TT1
treatment of UVFP [Kraus et al., 1999]; it can be resolved by an additional procedure of arytenoid
adduction (AA) if the voice outcome is not satisfactory. The flow rate curve indicates that a strong,
periodic, sustained vibration is restored by the surgery. The voice outcome sounds similar to that
in the normal case (Mm. 4). The flow leakage in this case is relatively larger compared to that in
the normal case, primarily due to the posterior gap. The sound spectrogram plot reveals that the
acoustic energy is concentrated on harmonics.
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Figure 4-2 Optimized implant performance at a constant pitch.
The endoscopic view of vocal fold posturing (top row), the time history of glottal flow rate from 100 to 200ms (mid
row), and the simulated acoustic pressure spectrogram (bottom row) of the (a) normal, (b) UVFP, and (c) surgery
cases. The active and inactive muscles colored by red and golden colors, respectively. Filled circle, square, gradient,
and delta indicate the first four energy peaks.

Quantitative comparisons of important aerodynamic, acoustic, and vibration parameters
among the three cases are provided in Table 4-1. The available clinical normal ranges of the
parameters are also provided. All the acoustic parameters are computed using an open-source
software, Praat [Boersma and Weenink, 2018]. Overall, all the aerodynamic and acoustic
parameters in the normal and surgery cases are within or close to their clinical normal ranges.
Comparing to the normal case, the surgery case has nearly the same fundamental frequency and
sound intensity, increased flow rate (both mean flow and leakage) and maximum flow deceleration
rate (MFDR), increased CPP, smoothed cepstral peak prominence (SCPP), and harmonic-to-noise
ratio (HNR). In contrast, most of the parameters in the UVFP case dramatically deviate from their
normal ranges. In particular, the UVFP case shows a significantly reduced MFDR, CPP, SCPP,
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and sound intensity, indicating a serve dysphonia condition [Hartl et al., 2001a]. Due to the high
level of noise, HNR could not be computed meaningfully in this case.
Vocal fold vibration amplitude is quantified by the maximum displacement of the superior
edge of the vocal fold normalized by the anterior-posterior length of the vocal fold. For all the
cases, the maximum displacement occurs near the mid-coronal plane, which agrees with other
studies [Lohscheller et al., 2013; Schuberth et al., 2002]. AL and AR represent the vibration
amplitude of the left and right vocal folds, respectively. The normal case shows symmetric
vibration indicating by the same values of AL and AR. The UVFP case shows much-reduced
vibration amplitudes, which are only about 1/10 of that in the normal case. The surgery case could
restore the vibration amplitudes of both folds to the level of the normal case. This aligns with the
clinical observation that the vibration amplitude of both intact and paralyzed vocal folds is
considerably enhanced after TT1 surgery [Omori et al., 2000]. Moreover, in the surgery case, the
vibration of the paretic fold after implant insertion is reduced compared to that in the normal case.
Reduction of the vibration amplitude in the presence of a stiff implant was also reported in previous
computational and ex-vivo studies [Smith et al., 2020; Zhang et al., 2015]. Interestingly, our
simulation also shows that the vibration of the intact fold in the surgery case is increased compared
to the vibration in the normal case, leading to a higher flow rate.
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Table 4-1 Comparison between the normal, UVFP, and surgery cases.
The last column is the normal clinical ranges of the parameters represented by the mean and standard deviation

Parameters

Normal

UVFP

Surgery

Normal clinical range
Mean(±SD)

f0 [Hz]

177

178

165

MFDR [ml/ms2]
Qmean [ml/s]

160
40

44
614

187
120

Leakage [ml/s]
AL
AR
CPP (dB)

12
0.4
0.4
24

570
0.05
0.07
14

45
0.6
0.3
29

SCPP (dB)

17

2

20

HNR (dB)

23.5

N/A

28

Intensity (dB)

81.5

62.0

81.4

M: 127(28); F: 186(57)
[Takefuta et al., 2017]
130(70)
[Zhuang et al., 2009]
23.99(2.40)
[Shue et al., 2010]
16(2.3)
[Brockmann-Bauser et
al., 2019]
24.8(4.5)
[Teixeira and Fernandes,
2014]
87.7(5.6)
[Brockmann-Bauser et
al., 2019]

4.3.2 Dynamic-frequency test
While the optimization in the previous session is based on voice production at a constant
frequency (fixed muscle activations), the effects of the implant on voice production with dynamic
frequency changes (dynamic muscle activations) is also evaluated. In our previous work
[Movahhedi et al., 2021], the frequency map with the variations of the CT and TA muscles was
obtained, as shown in Figure 4-3a. In this test, we used a trajectory of CT and TA activations that
generates the largest frequency range, shown by a black solid line in Figure 4-3a. The test was
done in both normal and surgery cases. The time variations of muscle activation levels are
presented in Figure 4-3b. The larynx was initially at the resting position. In the normal case, the
IA and LCA were kept at the activation levels of 95% and 35%, respectively, to keep the vocal
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folds adducted. The CT and TA were activated symmetrically between the two sides and followed
the defined activation trajectory. In the surgery case, the activations of the muscles on the left side
(normal fold) were the same as those in the normal case. The IA, and LCA and TA from the right
side (paretic vocal fold) were deactivated. The implant obtained from the above optimization was
inserted into the paretic vocal fold. The CT at the right side was activated the same as in the normal
case. The simulations were successfully conducted for 800milliseconds under a 1 kPa of constant
subglottal pressure. Figure 4-3c and d show the variation of the fundamental frequency, acoustic
pressure, sound intensity, and the resulting spectrogram for the normal and surgery cases,
respectively. A close frequency range is obtained between the normal and surgery cases, which
are 150-180 Hz and 150-175 Hz, respectively. The sound pressure waveforms of the normal and
surgical cases show a similar shape of an envelope that the pressure fluctuation amplitude
decreases with the increasing fundamental frequency. The variation of sound pressure is larger in
the normal case, consisting with the sound intensity variation which decreases 12 dB (from 84 to
72 dB) in the normal case and 9 dB (from 78 to 69 dB) in the surgery case. The harmonic energy
bands, shown by the filled circles in the spectrograms of Figure 4-3, can be clearly identified in
both normal and surgical cases. The audio files for normal and surgical cases are also provided in
Mm. 5 and Mm. 6, respectively. In general, the surgical case successfully restored the voice with
a slightly lower intensity. In the dynamic-frequency test, the sound intensity in the surgery case is
smaller than that in the normal case, while in the constant-frequency test, the sound intensity in
the surgery case was nearly the same as that in the normal case. While the current optimization
procedure is based on constant-pitch simulation, this result suggests that optimizations based on
both dynamic and constant frequencies may be needed for the best result. It should be mentioned
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that the current framework can be extended to dynamic-frequency optimization without changing
the basic algorithms.

Figure 4-3 Simulation setup and results of the dynamic-frequency test.
(a) The contour of the fundamental frequency with TA and CT activation variations; The black line with an arrow
indicates the trajectory of the CT and TA muscle variations. (b) The variations of the muscle activations versus time
in the dynamic-frequency simulation; The CT and TA activations correspond to the trajectory in (a). (c) & (d) The
time history of the fundamental frequency, acoustic pressures waveform, and frequency spectrogram of the normal
and surgical cases, respectively.

4.4 Conclusion
In this study, a computational framework is developed for virtual optimization of implant
configurations of TT1 based on patient-specific laryngeal structures reconstructed from MRI
images. The framework seamlessly integrates a muscle mechanics-based laryngeal posturing
model, an FSAI voice production model, a real-coded GA, and virtual implant insertion. We
demonstrated that the GA could optimize the implant configuration and insertion depth after 10
generations with 63 populations by minimizing the defined objective functions. Compared to the
initial guess of the implant configuration among all populations, the objective function was
improved by 56% by the optimization. Through extensive comparison of the aerodynamics,
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acoustics, and vibrations among the normal, UVFP, and virtual surgery cases with the optimized
implant, it is shown that the obtained optimized implant can restore key acoustic features of the
diseased voice resulting from UVFP in producing a sustained vowel utterance at both constant and
dynamic-changing frequencies. While the showcase only uses the implant configuration and
insertion as the optimization variables, other parameters can also be included in the optimization
variables without changing the framework algorithm, only by changing the objective function
based on the desired voice outcomes. The current work provides an important step stone toward
simulation-guided TT1, which has the potential to substantively impact the surgery by providing
a virtual platform for trial-and-error treatment, potentially optimizing treatment, improving
outcomes, and reducing patient risk.
It is worth to note the limitations of the current study. First, there is a lack of experimental
validation. A rigorous validation requires a complete dataset including medical images, tissue
property measurement, vocal fold deformation, and aerodynamic and acoustic measurements, and
these measurements need to be from the same subjects and both before and after implant insertion.
This type of dataset has not been available. Zhang et al. [Zhang et al., 2020b] measured the vocal
fold structure changes due to implant insertion using MRI images. However, because the vocal
fold size, implant size, and materials are very different from this study, a direct comparison is
difficult. Future studies on broad implant and vocal fold parameters are needed for possible
validations with available experimental data. Qualitatively, the post-correction vocal fold appeared
to wrap around the implant [Zhang et al., 2020b], which is not observed in the current simulation.
One possible cause to this discrepancy is the different paraglottic boundary conditions in the
experiment and in the current simulation. According to Sato [Sato, 2018, pp. 78–80], in an intact
larynx, the vocal folds are suspended from the thyroid cartilage superiorly on the thyroglottic
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ligament, which could constrain the medial displacement of the superior part of the vocal folds.
However, in the current simulation, the larynx model is based on a dissected larynx that does not
include structures above the true vocal folds. As a result, such constraint is not present in the
current model. To match the post-correction deformation of the vocal fold with experimental
observations, the superior constraint should be considered in the future. The thyroglottic ligament
should be included in the larynx models. For models lacking such structures, a different paraglottic
boundary condition could be used. For example, the areas of the lateral surface of the vocal fold
that are not in contact with the implant can be connected to the thyroid cartilage using spring
elements. On top of the change in boundary conditions, increasing the implant insertion depth
could possibly produce a better match with experimental observations of post-correction vocal fold
deformation. Improvements to the larynx model can be incorporated without any modification to
the simulation optimization framework. Second, the implant size in the showcase is obtained based
on one paralysis condition. When the paralysis condition changes, e.g., with different glottic gap,
we expect the model to predict different implant sizes. Such effects require many parametric
simulations in a large parametric space and the results need to be comprehensively analyzed. Third,
considering the inherently large uncertainty in vocal fold geometry and tissue properties,
uncertainty quantification in the model is needed for reliable predictions. This feature needs to be
developed in future.
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CHAPTER 5
3D VIBRATION RECONSTRUCTION USING 2D DATA
In this chapter, a physics-informed neural network has been utilized to reconstruct threedimensional temporal vibration due to the fluid-structure interaction using two-dimensional
visualized projection profiles and the governing equation of the system. This network is based on
a long-short-time memory that predicts temporal modal coefficients of the structure, which are
required to simulate the motion using eigenfrequencies and eigenmodes. A high-fidelity
continuum canine larynx model was initially employed to validate the network thoroughly. The
validated network then was trained on two-dimensional profiles of four individual birds syrinx
annotated from experimental data. The results revealed that the network could successfully
reconstruct the motion and predict the studied cases' key vibratory and acoustic features.
Furthermore, other parameters, such as flow rate, pressure distribution, and contact force, which
are difficult to be measured experimentally, were estimated, which qualitatively agreed with other
data.
5.1 Introduction
The interaction of fluid and structure is a daily natural occurrence for animals and plants living
in fluid environments. The forces exerted by the surrounding fluid can cause biological systems to
deform. Deformed structures, however, act upon fluids by forcing them to move with the boundary
as it moves. This phenomenon occurs in external fluid environments such as flying birds and
swimming fish, as well as internal fluids such as blood vessels, lungs, and vocal folds. Studies of
systems with complex behavior for understanding the underlying mechanisms are challenging
from empirical and numerical perspectives. In experimental studies, the data is usually collected
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at only a few locations using sensors and techniques to measure fluid properties such as pressure,
temperature, and velocity; however, complex phenomena are three-dimensional (3D) and
continuous in real-world applications. Furthermore, in some applications, such as studying living
organs, data collection becomes highly tricky due to the inaccessibility and potential risks for the
human/animal. The use of numerical models can fill in the gaps resulting from experimental
limitations, but they may also face particular challenges. Mesh generation is an inevitable part of
numerical simulation, which is a time-consuming process, especially in 3D problems, and requires
skill and experience. The simulation is highly dependent on the quality and size of the mesh.
Moreover, the temporal domain needs to be discretized into minimal parts in complex transient
flow problems. The combination of a large number of spatial domain grids and a small time-step
leads to a high computational cost simulation. In addition, applying scattered data in time and
space directly into comprehensive commercial computational fluid dynamics (CFD) solvers and
open-source software as a constraint, especially for solving inverse problems, is highly
challenging.
Physics Informed Neural Networks (PINNs) [Raissi et al., 2019] is a relatively recent class of
Deep Learning (DL) networks specifically designed for solving the governing equations of a
physical system in both forward and inverse problems. While traditional DL networks purely
utilize data driven from the system, PINN is a mesh-free technique that combines the data and
physics laws for training the network, such that the underlying equations either softly or hardly
constrain the neural network directly as a part of the loss function. The capability of solving
different types of equations, such as Ordinary Differential Equations (ODEs) [Lai et al., 2021;
Zhang et al., 2020a] and Partial Differential Equations (PDEs) [Gao et al., 2021; Jin et al., 2021]
using PINN, has been shown in many studies. It is reported that PINN could be more flexible
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[Cuomo et al., 2022], efficient [Gao and Wang, 2021], and simpler [Yadav et al., 2022] than classic
numerical methods. Since PINN is a meshless method, the solution and solution derivatives
through analytical gradients are available at any point of the simulation domain after the training.
Compared to classic numerical techniques, PINN is much more convenient for solving problems
involving high dimensions and complex geometries. Furthermore, the forward and inverse
problems can be solved using the same algorithm with some minor adjustments.
The mentioned shortcomings of classic CFD methods and the strength of PINNs encouraged
researchers to utilize PINNs in fluid dynamics problems. Many studies have been conducted to
demonstrate the potential of PINN in solving the governing equations of the flow field in a variety
of applications, including but not limited to aerodynamics [Mao et al., 2020; Warey et al., 2021],
biomechanics [Arzani et al., 2021; Yin et al., 2021], chemical systems [Choi et al., 2022], and heat
transfer problems [Cai et al., 2021b]. PINN also has attracted attention in FSI modeling. Cheng et
al. [Cheng et al., 2021] utilized PINN to simulate vortex-induced and wake-induced vibration of
the cylinder by solving the Reynolds Average Navier-Stokes equations and reported the
effectiveness of PINN in the reconstruction of the flow field. Bai and Zhang [Bai and Zhang, 2022]
also studied the vortex-induced vibration (VIV) of a cylinder in turbulent flow using PINN
employed by artificial viscosity and trained by scattered velocity and cylinder motion data.
Kharazmi et al. [Kharazmi et al., 2021] extended the study from the two-dimensional (2D) to 3D
flexible cylinder, trained a PINN model by scattered data to capture the fluid and solid motions,
and estimate the structural parameters. In another study, Yin et al. [Yin et al., 2021] addressed
inferring the thrombus' biological material properties by training a PINNs model with sparse
deformation data and using Cahn-Hilliard and Navier-Stokes equations as the governing
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equations. They also studied the accuracy sensitivity of the model to the number and type of
training data, as well as noisy data.
Although PINN is a powerful tool, it is not a replacement for classic CFD solvers [Huang et
al., 2022]. Despite their advantages, PINNs also have some limitations. While the practical
applications are usually 3D, a considerable amount of PINN studies has focused on solving the
benchmark 2D problems. Cai et al. [Cai et al., 2021a] presented a PINN-based method to obtain
continuous 3D pressure and velocity fields above a cup of coffee from a 3D video of temperature
gradient captured by Tomo-BOS imaging. Six geometrically calibrated cameras and iterative
tomographic reconstruction algorithm were used for obtaining 3D temperature snapshots to
provide the input for the PINN model; however, in some applications generating this type of 3D
input data is not possible. In many FSI problems, such as vocal folds vibration, blood flow, and jet
engine blades rotation, data collection is limited due to the inaccessibility. For example, the
dynamics of vocal fold motion is a complex 3D system, but the visualization is limited to the
endoscopic view showing 2D images of VFs. Furthermore, because of the high vibration
frequency, even high-speed cameras can only capture a few pictures of a single vibration cycle,
resulting in very sparse data. This study uses a PINN framework based on a recurrent neural
network to reconstruct 3D vibration of vocal folds due to the interaction with glottal flow using
2D temporally scattered shape profiles and the governing equation. We used eigenfrequencies and
eigenmodes, which respectively represent periodicity and periodic behavior of a system, to form
3D vibration of the system in time. We took advantage of the fact that eigenfrequencies and
eigenmodes are the system properties and will not change over time; therefore, the 3D temporal
motion can be rebuilt by predicting modal coefficients, which are time-dependent variables.
Recurrent neural network (RNN) with Long short-time memory (LSTM) network was employed
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to predict the modal coefficients. The predicted coefficients are utilized to form the 3D structure.
The 2D labeled data is then compared to the corresponding one to form the data loss. PINN loss is
also calculated based on the modal dynamic equation. Two sets of data have been used to show
the ability of the algorithm: a canine VFs synthetic data set and pigeon VFs experimental data. The
contributions of this study are summarized as follows:
•

Reconstruction of 3D FSI simulations using sparse 2D optical data.

•

Estimation of other features such as flow rate, pressure distribution, and acoustic wave,
which are difficult to be measured experimentally, from reconstructed 3D motion.

•

Using 2D observation input data, with the unknow third component of the location.

•

Utilizing eigenfrequencies and eigenmodes for predicting the 3D motion.

5.2 Methods
In this study, the 1D Bernoulli equation and 1D wave-reflection equation were solved to
simulate the glottal flow and sound pressure propagation. The vocal fold vibration was modeled
using the modal dynamics method. All the numerical models have been described in Chapter 2.
5.2.1 Acoustic analysis
To measure the acoustic pressure, we used the linear source-filter theory [Titze, 2000] by
assuming that the vibration has not been affected by the acoustic pressure and by considering a
monopole source of sound:

𝑝W =

𝜌-:H 𝑑𝑄
4𝜋𝑟 𝑑𝑡

82

(5-1)

where 𝑝W is the acoustic pressure, 𝑟 stands for the distance from the source of the sound, and

XY
X5

represents the first temporal derivative of the flow rate.
To compare the acoustic features of the model with the experimental data [Jiang et al., 2020],
we followed the same steps, used some MATLAB functions to calculate sound pressure level
(SPL), spectral slope, and acoustic power from the acoustic pressure. The acoustic pressure was
resembled to 48 kHz, and then low-pass filtered at 20 kHz. The spectral slope was calculated using
spectralslope.m function. SPL, which is commonly used to indicate the strength of acoustic wave,
was defined at 1 meter from the source as follows:

𝑆𝑃𝐿 = 20 log =

𝑝
𝑝H<6

@ + 𝑇𝐿

(5-2)

where 𝑝H<6 = 2.0 × 10-5 Pa, 𝑝 is the root-mean-square of the pressure, and 𝑇𝐿 stands for
transmission loss calculated by 𝑇𝐿 = 20 log(𝑑) with 𝑑 = 12 cm. Moreover, acoustic power was
calculated by
𝑃+ = 𝐴𝐼

(5-3)

where 𝐼 is the sound intensity, and 𝐴 is the area of sound radiation (𝐴 = 4𝜋𝑑 # ).
5.2.2 PINN
In the PINN formulation, we used LSTM with input of 2D profiles in time 𝑡 and output of
modal coefficients 𝑏D (𝑡) to encode second order ODE into neural network to satisfy the equation
(4). To calculate the left-hand side of the equation, first and second temporal derivatives of 𝑏D (𝑡)
are required which are calculated by second order central difference. At the boundary points,
second order forward and backward difference formulations are used. To calculate the right-hand
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OOO⃗(𝑡)) was formed as
side of the equation at each time instant, first, the 3D shape of the structure (𝑋
follows:
OOO⃗
O⃗(𝑡)
𝑋 (𝑡) = OOOO⃗
𝑋" + 𝐷

(5-4)

OOOO⃗" is the initial coordinate vector, and 𝐷
OOO⃗ is the displacement vector calculated by matrix
where 𝑋
multiplication of eigenmodes and eigen coefficients. The medial surface pressure was then
calculated using glottal flow and contact models. The surface pressure was converted to the
volumetric nodal load and multiplied by the transpose of the eigenmode to shape the right-hand
side. Moreover, 2D profiles can be extracted from the 3D structures. Having LHS, RHS, and 2D
predicted profiles, the loss function is defined as follows:
𝐿6 = 𝑊< 𝐿< + 𝑊X 𝐿X

(5-5)

where 𝐿< and 𝐿X represent equation loss and data loss, respectively. 𝑊< and 𝑊X stand for the
weight of equation and data loss, respectively. The equation loss is defined as 𝐿< =
‖𝐿𝐻𝑆 − 𝑅𝐻𝑆‖## and the data loss is defined as 𝐿X = ‖𝑆/ − 𝑆8 ‖## where 𝑆 stands for the 2D
profile, and 𝑇 and 𝑃 respectively represent ground truth and predicted results.
Figure 5-1 shows the structure of the PINN algorithm. The input of the neural network is
sequential 2D profiles in time. The neural network is built based on the Encoder-Decoder LSTM,
which is a type of RNN designed to solve sequence-to-sequence problems. The LSTM block then
connected to the fully-connected neural network (FNN) to predict the modal coefficients as a
function of time. For the LSTM, we used 128 features in the hidden state with 1 hidden layer. The
FNN consists of two layers of 128×128 neurons with ReLU activation function.
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Figure 5-1 Structure of the PINN algorithm.
The input of the neural network is sequential 2D profiles in time. The neural network is built based on the EncoderDecoder LSTM connected to the FNN. At each epoch, after prediction of modal coefficients for all modes, the 3D
shape is reconstructed, and the data loss is calculated based on the input and predicted 2D profiles. Equation loss is
also calculated using the force acting on the vocal fold and the derivatives of the modal coefficients. The
combination of data and equation loss with proper weights forms the loss function. After the convergence, the final
3D motion is reconstructed, flow (e.g., f_0, flow rate, mucosal wave-speed, glottal opening, etc.) and acoustic (e.g.,
SPL, spectral slope, acoustic power, etc.) features are measured, and 3D features such as medial surface pressure,
contact surface area and shape, stress, etc., which are difficult to be experimentally measured, are estimated.

For the training, we used Adam optimizer and ReduceLROnPlateau scheduler to reduce the
learning rate when a loss has stopped improving. The initial and minimum learning rate were set
to be 1.0×10-2 and 5.0×10-5, respectively. At each epoch, after prediction of modal coefficients
for all modes, the 3D shape is reconstructed, and the data loss is calculated based on the input and
predicted 2D profiles. Equation loss is also calculated using the force acting on the vocal fold and
the derivatives of the modal coefficients. The combination of data and equation loss respectively
with weight coefficients of 104 and 10-5 forms the loss function. After the convergence, the final
3D motion is reconstructed, flow (e.g., 𝑓" , flow rate, mucosal wave-speed, glottal opening, etc.)
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and acoustic (e.g., SPL, spectral slope, acoustic power, etc.) features are measured, and 3D features
such as medial surface pressure, contact surface area and shape, stress, etc., which are difficult to
be experimentally measured, are estimated.
5.2.3 Simulation setup
To demonstrate the ability of the presented algorithm, we examined the performance of the
code in two cases. The first studied case is the synthetic data generated by the FSI simulation of a
canine larynx model. We chose this synthetic data to thoroughly validate the data captured by the
algorithm since detailed information about the simulation is available. In this case, first, we
conducted an FSI simulation to obtain detailed temporal data, such as the 3D motion of the vocal
fold, pressure distribution on the medial surface, and glottal flow rate, during the vibration.
Additionally, we used the 3D vibration to generate 2D profiles as the input to the neural network
(in the form of 2D points for each profile). We then reconstructed the 3D vibration from these 2D
profiles and the governing equation for the system by training the network. Since laryngoscopy is
a standard procedure that physicians perform to visualize the larynx, especially vocal cords, we
generated 2D data from the same view as laryngoscopy, the endoscopic view. In this view, the
boundaries of the vocal cords are visible; however, the depth of the profile is not measurable.
A 3D continuum model of a canine larynx, shown in Figure 5-2b, has been used to generate a
synthetic dataset. Recently, Jiang et al. [Jiang et al., 2022] used this model to validate a voice
production model numerically and experimentally. The geometries of the model, consisting of
vocal folds and cartilages, were reconstructed from the MRI scans (Figure 5-2a). The dynamics of
the glottal flow were simulated by solving the 3D unsteady viscous incompressible NS equation.
In this study, we used this canine model to generate synthetic data by simulating the FSI vibration
of the left vocal fold (Figure 5-2c) using 1D Bernoulli flow solver, and assuming the left-right
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symmetry of vocal fold vibration which can dramatically reduce the computational cost. For a
better demonstration, some of the presented results have been mirrored with respect to the glottal
midplane. The subglottal pressure of 1.0 kPa was considered, and the air density was 1.1 kg/m3.
The simulation had a time-step of 2.27×10-5 s, which corresponds to a sampling rate of 44.1 kHz.
Rayleigh damping parameters 𝛼 and 𝛽 were 60.0 s and 6.0×10-5 s-1, respectively. Moreover, the
glottal flow channel was discretized into 100 sections.
The network predicts the modal coefficients of the first 100 vibration modes to reconstruct the
3D shape. The data loss was calculated by comparing projected profiles of the 3D shapes with the
corresponding labeled data. To show the network's ability in training with sparse data, only 20 2D
profiles and time instants were used in data loss and PINN loss calculation.
For the second showcase, we used biological data from a recent study. Jiang et al. [Jiang et al.,
2020] implemented a high-fidelity physics-based 3D continuum sound production model in birds
and verified the model with experimental data. In the current study, we used the geometry of the
left vocal fold (Figure 5-5d) reconstructed from the DiceCT scans (Figure 5-5b), as well as in vitro
oscillation video of vocal folds for four individual birds (subjects). The profiles of the left vocal
folds were annotated during the vibration from the recorded video of each subject oscillation.
According to [Rasmussen et al., 2018], the annotation location is close to the mid-coronal plane.
The red line in Figure 5-5d indicates the intersection of mid-coronal plane with the left vocal fold.
Detailed information of the experimental setup, syrinx models reconstruction, and validation could
be found in [Jiang et al., 2020]. For all subjects, the subglottal pressure, air density, number of
sections in flow direction, and number of epochs for training are the same as the corresponding
ones of canine simulation. The network predicts the modal coefficients of the first 50 vibration
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modes to reconstruct the 3D shape. Other information for training of synthetic (canine) and
experimental (pigeon) cases are summarized in Table 5-1.
Table 5-1 Details of parameters for synthetic (canine) and experimental (pigeon) cases.

Case
Canine
Subject 1
Subject 2
Subject 3
Subject 4

Number of
2D profiles

𝛼 [s]

𝛽 [1/s]

𝑘C!

𝑘C#

20
38
24
38
45

60.0
75.4
75.4
26.4
77.9

6.0×10-5
1.3×10-4
1.3×10-4
3.4×10-5
8.2×10-5

(-)
2.0×104
1.0×102
2.0×104
1.0×104

(-)
2.0×105
1.0×103
2.0×105
1.0×105

5.3 Results
5.3.1 Synthetic data
Figure 5-2d shows a few 2D endoscopic view snapshots of the 3D VFs vibration within one
cycle. The solid black line represents the 2D projection shape of the glottis. The first snapshot is
taken at the beginning of the opening when the glottis is closed (snapshot 1). The vocal folds are
gradually pushed apart by the airflow from the inferior during the opening phase (snapshot 2) and
finally reach the maximum opening (snapshot 3). In contrast, the vocal folds adduct during the
closing phase because of the restoring force (snapshot 4 and 5) and finally reach the end of the
cycle (snapshot 6). Figure 5-2e shows the 3D shapes of true vibration (i.e., results of numerical
FSI simulation) corresponding to 2D profiles. Comparing the 2D profiles with their corresponding
3D shapes reveal that although the 2D projection profiles during the opening and closing phases
are similar, their corresponding 3D shapes are very different. For example, both 2D snapshots 1
and 6 indicate that VFs are closed; however, the 3D shape of snapshot 1 indicates that both the
inferior and superior of the vocal fold are in contact with the glottal midplane with a large contact
vertical thickness at the midline. On the other hand, the 3D structure corresponding to snapshot 6
is pushed towards the lateral direction at the inferior, and the vocal fold’s superior is lifted up,
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causing a smaller contact vertical thickness. The similar 2D profiles mean that inputs to the
network for these time instants are similar, while different outputs are expected, making the neural
network's training challenging. We tackled this issue by applying the LSTM encoder-decoder
sequential neural network and adding the governing equation of the system to improve and
accelerate the learning process.

Figure 5-2 Canine larynx model (synthetic data).
(a) An MRI scan of the canine larynx in a coronal plane, where different parts were annotated. (b) The reconstructed
3D model of the larynx including vocal folds and cartilages. (c) The extracted vocal fold with its dimensions. (d) 2D
endoscopic view of the vocal folds during the vibration. Each snapshot belongs to a time instant captured during 3D
vocal fold vibration. The solid black line represents the 2D projection shape of the glottis. (e) 3D vocal fold
structures of the FSI simulation (true data) correspond to 2D profiles. (f) 3D geometry of vocal fold reconstructed by
predicted modal coefficients obtained from the trained neural network.
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Figure 5-3 Comparison between true (FSI simulation) and predicted results.
(a) Comparison between 3D geometries. The history of 3D shape error percentage during training is shown. This
error is calculated based on the second norm of the difference between the true and predicted 3D displacement
vector over the second norm of the true displacement vector. 3D geometries of true and predicted vocal folds are
depicted. Solid lines show coronal and transverse sections. Red and black lines represent the true and predicted
models, respectively. The transverse and coronal view of vocal folds are shown on the left and right side of the 3D
geometries, respectively. (b) Data loss details. The history of 2D profile data loss is shown. This error is calculated
based on the mean square error between the true and predicted 2D profiles. The right plot to the loss history plot
shows true and predicted flow rate of the 3D vocal fold during one cycle. The time has been normalized by the
vibration frequency. Comparison between true (red lines) and predicted (black lines) 2D projection profiles in
endoscopic view after the convergence at four-time instants (marked by green dots on the flow rate) is also
performed. (c) PINN loss details. The first plot shows the history of PINN (equation) loss. This error is calculated
based on the mean square error between the left-hand side (LHS) and right-hand side (RHS) of the modal dynamic
equation for each eigenmode. Other three plots show the comparison between LHS and RHS of the modal dynamic
equations for a few modes after the convergence.

We used these 2D projection shape profiles (solid black lines in Figure 5-2d) and the modal
dynamic equation for training the network. Figure 5-3 shows a Comparison between true (FSI
simulation) and predicted results. The comparison between the predicted 3D reconstructed
geometry and the true shape is shown in Figure 5-3a. The left plot depicts the convergence history
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of the 3D shape during the training. The error at every instant is calculated based on the second
norm of the difference between the true and predicted 3D displacement vectors over the second
norm of the true displacement vector. Each epoch (iteration) error is then calculated by averaging
the error over time. After 12,000 iterations, the error is less than 5%, and the minimum error is
3.8%. It should be noted that although the 3D shape error history has been calculated during the
training, it has not been included in the training process as a part of the loss function. The 3D
geometries of true and predicted vocal folds at one time instant are shown in Figure 5-3a (please
also see Figure 5-2e and f for the 3D shape comparison). The predicted shape is very similar to the
true geometry. The coronal and transverse views of vocal folds are shown on the left and right side
of the 3D geometries, respectively. The intersections of the mid-coronal and transverse planes with
models are shown with solid lines, where red and black lines represent the true and predicted
models, respectively. The difference between the true and predicted results is negligible, showing
that the neural network could successfully reconstruct the 3D motion of vocal folds.
Figure 5-3b depicts the detailed information of the data loss. The left plot is the convergence
history of the data loss on the logarithmic scale. After 60,000 epochs, the data loss becomes stable
and slightly varies around 2×10-6. Figure 5-3b also shows the comparison between the true and
predicted flow rates in non-dimensional time, which has been normalized using the period of the
vibration. The opening and closing phases, as well as the peak flow rate, are accurately predicted.
The error of the predicted flow rate is less than 5%. The mean flow rate for the true and predicted
cases is 114 and 104 ml/s, respectively, which are close to the reported values in other studies
[Bakhshaee et al., 2013; Yumoto et al., 1991]. Figure 5-3b also compares 2D projection profiles
of the true and predicted 3D structures at a few time instants marked on the flow rate: In the middle
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of the opening (1), at the maximum flow rate (2), and during the closing phase (3 and 4). The
predicted 2D profiles align well with the corresponding true profiles for all time instants.
Figure 5-3c shows the detailed information of the PINN loss. The left plot is the convergence
history of the PINN loss on the logarithmic scale. After 60,000 epochs, the PINN loss becomes
stable and slightly varies around 4×103. A comparison between LHS and RHS of the modal
dynamic equations for a few modes during one cycle has been depicted in Figure 5-3c. Same as
the flow rate in Figure 5-3b, the time has been normalized using the vibration frequency. The
amplitude’s range is the same in the three plots. Comparing the variations of LHS and RHS for
different modes shows that modes 1 and 4 are more dominant than other depicted modes.
Furthermore, a comparison between the LHS and RHS of each mode reveals that both sides of the
equation are almost equal at different time instants; However, the RHS shows a smoother behavior
than the LHS (e.g., in mode 4). Sudden changes in the LHS of the equation come from the
numerical derivative of the predicted coefficient with respect to time, especially the second
derivative. We first used automatic differentiation to calculate the derivatives which resulted in a
noisy output and caused instability in the training. We then calculated the first and second
derivatives using second-order central discretization, which resulted in a more stable convergence.
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Figure 5-4 Surface pressure comparison between true and predicted results.
(a) Normalized true medial surface pressure at four-time instants same as Figure 5-3b. The pressure is normalized by
the subglottal pressure. (b) Normalized predicted medial surface pressure at the same time instants. (c) The error
percentage of the predicted pressure calculated by considering the absolute difference between true and predicted
normalized pressure.

One of the crucial advantages of the current algorithm is the ability to predict 3D features,
which are difficult to capture in experimental studies, only from 2D projection profiles. Figure 5-4
shows the medial surface pressure comparison between true and predicted results, normalized by
the subglottal pressure. The normalized medial surface pressure of the true results at four-time
instants, the same as those in Figure 5-3b, has been depicted in Figure 5-4a. Within the opening
(time instant 1), the pressure acts on nearly the entire surface, pushing it at both inferior and
superior toward the medial direction. At time instant 2, which corresponds to the maximum flow
rate, the inferior part of the medial surface moves toward the lateral direction and reduces the
glottal gap causing the pressure drop at the superior of the medial surface. It should be noted that
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due to the phase lag between the glottal opening and airflow, the maximum glottal area happens
slightly before the maximum flow rate occurrence. Therefore, at the maximum flow rate instant,
the vocal fold has already started to move toward the lateral direction and form a divergent channel
shape, resulting in surface pressure reduction above the inferior of the medial surface. This superior
pressure drop continues as the vocal fold is closing which is seen at time instants 3 and 4. The
predicted pressure from the neural network corresponding to the same time instants is also shown
in Figure 5-4b. The network could successfully predict the medial surface pressure variation trend
over time. Figure 5-4c depicts the error percentage of the predicted results calculated by
considering the absolute difference between true and predicted normalized pressure. The error is
less than 10% almost all over the medial surface, with an average of about 1%.
Although a continuous system has an infinite number of eigenmodes, the motion can be
represented by choosing a suitable number of modes. We investigated the effect of the number of
utilized eigenmodes in training on the 3D shape error. As provided in Table 5-2, the %3D shape
error is less than 10% for all studied cases under different mode numbers. Moreover, as expected,
the error decreases by increasing the number of modes. Although the error could be less by using
more modes, a 3.8% error was an acceptable accuracy for the purpose of the current study.
Table 5-2 The effect of number of utilized modes in the training on the 3D shape error

Number of modes

%3D shape error

20
30
50
100

7.4%
6.2%
5.4%
3.8%

5.3.2 Experimental data
We used the annotated profiles from the videos and modal dynamic equation to train the neural
network and reconstruct the vibration of the 3D structure of the syrinx for four subjects. Figure
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5-5e shows a few snapshots of the syrinx taken from the video within a one vibration cycle of
subject 1. The blue lines represent the boundary of the left vocal fold (in the vicinity of the midcoronal plane) annotated from the snapshots. This figure depicts an example of typical
convergence-divergent vibration patterns of the vocal folds. The airflow from the inferior
gradually pushes the vocal folds apart, forming a convergent glottal shape during the opening. On
the other hand, the restoring force brings the vocal folds together during the closing phase, creating
a divergent glottal shape as they adduct with the inferior leading to the superior. The convergencedivergent vibration is fundamental for self-sustained oscillation since the flow channel shape
results in a pressure force from the airflow to vocal folds, which is responded by the tissue
elasticity.

Figure 5-5 Bird syrinx biological data and reconstructed vocal fold model (subject 1).
(a) A picture of the bird syrinx in frontal view within the in vitro experimental setup. (b) A DiceCT scan of the
syrinx. Different parts of the model were annotated from the scans. (c) The reconstructed 3D model of the syrinx
including vocal folds. (d) The extracted left vocal fold with a height of 12mm. (e) Snapshots of the bird’s syrinx
vibration. These snapshots have been taken from the video recorded during the experiment on the bird’s syrinx
within one complete cycle. The blue lines show the boundary of the left vocal fold (in the vicinity of the mid-coronal
plane) annotated from the snapshots.
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Figure 5-6 Convergence history for subject 1.
(a) Data loss details. The plot shows the history of 2D profile data loss during the training. This error is calculated
based on the mean square error between the true and predicted 2D profiles. The predicted flow rate during one cycle
is depicted. The time has been normalized by the vibration frequency. Comparison between true (blue lines) and
predicted (red lines) 2D projection profiles at the mid-coronal plane after the convergence at eight-time instants
(marked by green dots on the flow rate) is also performed. (b) PINN loss details. The first plot shows the PINN loss
history during the training. This error is calculated based on the mean square error between the LHS and RHS of the
modal dynamic equation for each eigenmode. Other three plots show the comparison between LHS and RHS of the
modal dynamic equations for a few modes after the convergence.

Figure 5-6 shows the convergence history and comparison between true (experimental data)
and predicted results of subject 1. Both data loss and PINN loss converged after about 27,000 and
70,000 iterations, respectively. Since the order of data and PINN loss are very different (about
109), considering proper weights in the final loss function is crucial for the convergence. The flow
rate shows a vibration with a speed quotient greater than one, indicating a longer duration of glottis
opening than closing, and mean value of 125 ml/s. The comparison between experimental and
predicted 2D profiles at the mid-coronal plane reveals that the network could successfully match
the data within a vibration cycle during both opening and closing phases. Furthermore, LHS and
RHS of the equation for a few modes have been shown in Figure 5-6b, which indicate the
agreement between two sides of the equation.
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Figure 5-7 Comparison between true (experimental data) and predicted results.
(a) Power spectral density of the acoustic pressure signal in frequency domain of subject 1. (b) Glottal opening
contour along caudocranial (CC) axis (Y axis) at mid-coronal plane (shown with red line in Figure 5-5d) over one
cycle. Since we simulated only the left vocal fold, the minimal distance between the left vocal fold and the midline
was doubled. The solid white line shows the regression based on the closed glottis. The slope of this line indicates
the mucosal wave-speed. (c) The red line in the plot indicates the minimal glottal opening along CC axis at midcoronal plane over one cycle. The open-closed quotient, which is the ratio between the open and closed glottis
durations, is measured based on the minimal glottal opening. The black dot indicates the peak of minimal opening.
The black line indicates the mean non-dimensional contact pressure (normalized by the subglottal pressure) over one
cycle. The top contours show the normalized medial surface pressure at a few time instants, and the bottom contours
indicate the normalized vertical force on the left vocal fold at the same time instants. (d) Experimental data and
predicted results (from 3D motion reconstructed by the PINN neural network) for key acoustic and vibratory
parameters. The bar shows the mean value, and the error bar represents standard deviation for four subjects. The
network could accurately predict SPL, and acoustic power. Moreover, predicted spectral slope and other vibratory
parameters are not dramatically different from the experimental data.

The key vibratory and acoustic features measured from the predicted 3D motion, reconstructed
form the neural network, have been compared with the corresponding experimental data. Figure
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5-7a compares the power spectral density of the acoustic pressure time signal in frequency domain
for experimental and predicted data for subject 1. From the acoustic pressure power spectrum, we
calculated sound pressure level (SPL), spectral slope, and acoustic power. Figure 5-7b shows the
contour of glottal opening along caudocranial (CC) axis (Y axis) at mid-coronal plane (shown with
red line in Figure 5-5d) over one cycle, i.e., a coronal glottovibrogram, for subject 1. The x-axis is
the vibration time, shows that the period of the vibration is about 8.4 ms. Since we simulated only
the left vocal fold, the minimal distance between the left vocal fold and the midline was doubled.
From the glottovibrogram, key vibratory parameters such as fundamental frequency (𝑓" , which is
inverse of vibration period), the mucosal wave-speed, open-closed quotient (calculated from the
minimal glottal opening along CC axis at mid-coronal plane shown by a red line in Figure 5-7c),
and the peak of the minimal glottal opening, were measured. Figure 5-7d shows the comparison
between experimental data and predicted results (from 3D motion reconstructed by the PINN
neural network) for key acoustic and vibratory parameters. The bar shows the mean value, and the
error bar represents the standard deviation (SD) for four subjects. In general, the predicted values
were not dramatically different from the experimental values. Especially, network predictions for
SPL and acoustic power were pretty accurate. The main reason for the error between predicted and
experimental data is the symmetry assumption. Several parameters, such as the minimum opening
and its peak, are highly influenced by the location of the vocal fold. Although the 2D profiles are
matched very well in all four subjects after the training, there is no guarantee that the vocal folds
in the experimental test do not pass the assumed mid-plane at the other locations (other than the
annotation section), which is not the case in numerical simulation due to the consideration of the
contact force. If that happens in the experiment, which is very likely to, it results in a different
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glottovibrogram and consequently different values of minimum opening and its peak. Therefore,
the results would be even better if the model contained both vocal folds.
Since the vibratory kinematics of the reconstructed 3D vocal fold motion matched with the
experimental observations, we measured some other quantities predicted by the neural network
model (shown in Figure 5-7c), that are difficult to measure during the experiment. The black line
in the 2D plot indicates the average of non-dimensional contact pressure 𝑝C∗ , normalized by the
subglottal pressure, over one vibration cycle. As expected, contact force and minimal opening
shows antagonistic behavior, where the contact force is applied on the surface when the glottis is
closed, and goes to zero when the glottis is open. In this figure, the top contours show the
normalized medial surface pressure at a few time instants, and the bottom contours indicate the
normalized vertical force on the left vocal fold at the same time instants. In the beginning of the
cycle, the vocal fold is closed, and a high surface pressure is observed at the contact locations.
Similarly, a high positive vertical force (as well as lateral force) acts on the vocal fold inferior
since the pressure is built up below the contact region. The vocal fold then moves laterally due to
the surface pressure and contact force decreases. Finally, the glottis is opened, and contact force
becomes zero.
5.4 Discussions
In both cases, a good agreement between the predicted results from the model and the ground
truth has been observed. In the first case, the input data was 2D profiles of vocal fold endoscopic
view, while in the second case the profiles annotated from an experimental video. Recently,
Hadwin et al. [Hadwin et al., 2019] tried to inversely determine the material properties of vocal
folds using glottal area waveform extracted from experimental visualization. They applied
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Bayesian method on a 2D finite element model of vocal folds, which was a limitation of their
work. Using the current model, it is possible to capture 3D kinematic and aerodynamic features of
the vibration. In the reconstructed 3D vibration showed around 4% error compared to the true data.
This could be potentially decrease by considering more modes in the training procedure since
theoretically a system can be presented by infinite number of modes. Moreover, the average error
of the predicted 3D surface pressure was around 1% over one oscillation cycle. In the second case,
the 2D profiles predicted by the model perfectly matched with the experimental data which utilized
for training the model. In this case, the experimental measurements were limited to a few acoustic
and aerodynamics features such as 𝑓" , mucosal wave-speed, SPL, and spectral slope, which could
be successfully estimated by the current model. Other quantities such as contact pressure, medial
surface pressure, and force over the vocal fold were estimated. Although the corresponding
experimental data was not available, the behaviors of these parameters qualitatively agreed with
other experimental [Jiang and Titze, 1994] and numerical [Zhang, 2019] studies .
The current model has other advantages over the traditional numerical methods and
experimental studies. While 3D simulation of vocal folds vibration typically requires thousands of
CPU-hours, the current algorithm could be trained in about 24 hours on an NVIDIA GPU card.
Moreover, multiple models can be trained on the GPU simultaneously since it consists of hundreds
of cores. Furthermore, we showed the regenerating 3D features from 2D input data. PINNs studies
are usually based on 2D problems suffer from scalability which was tried to be addressed in the
current study. Although both cases show the 3D motion reconstruction of vocal folds from 2D
observation, the algorithm can be applied to the other applications such as vascular flow
simulation.
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While the PINN-based model capability in predicting 3D features from 2D data is
demonstrated, a limitation exists in the current model. The material properties of the vocal folds
were considered as known parameters which means the eigenmodes and eigenfrequencies are
known. In the future study, we plan to inversely determine the eigenmodes and eigenfrequencies
as a part of the training process. Furthermore, the other experimental measurements such acoustic
and aerodynamics features will be added to the loss function for a faster convergence with more
accurate results.
5.5 Conclusion
Computational methods have demonstrated an impressive capability and have introduced
innovative approaches for overcoming experimental limitations and difficulties, especially in the
study of complex phenomena such as phonation. Despite their great progress in simulating
complex problems, numerical models also suffer from limitations such as dependency on the mesh
quality, high computational cost, difficulties in applying experimental observations as constraints,
solving inverse problems, etc. In this study, we presented a neural network-based algorithm which
utilizes laws of physics and 2D sparse experimental observation data to reconstruct 3D motion of
vocal folds and demonstrated the ability of the model by testing it over synthetic and experimental
datasets. Results revealed that the network was able to accurately reconstruct 3D vibration and
predict key acoustic and vibratory characteristics of the studied cases. Furthermore, other
parameters, such as flow rate, pressure distribution, and contact force, which are difficult to be
measured experimentally, were estimated, which qualitatively agreed with other data.
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CHAPTER 6
SUMMARY AND SUGGESTIONS FOR FUTURE STUDY
This study was conducted to provide more precise insight into the roles of intrinsic laryngeal
muscles in phonation and answer a fundamental question about how vocal fold biomechanics and
flow loading influence the glottal flow dynamics and voice outcome. A 3D high-fidelity continuum
mechanics laryngeal model that incorporated both active muscle mechanics and FSAIs was
employed to simulate both healthy and disordered cases under different muscle activation levels.
The phonation model was also combined with a genetic algorithm program and type 1 thyroplasty
implant insertion simulation to provide a computational framework that could optimize the implant
to achieve the desired voice outcome through a virtual surgery.
For the first part, the effects of CT and TA muscle activity on vocal fold pre-phonatory posture
and glottic dynamics during voice production were comprehensively investigated through a
parametric study. The mechanical and geometrical characteristics of vocal fold pre-phonatory
postures, vocal fold vibrations, and the aerodynamics and acoustics features of voice at each
muscle condition were quantified. CT and TA activation effects on these quantities were assessed,
and the associated mechanisms were discussed. The results generally showed a decent agreement
with numerical and experimental studies. CT and TA produced a complex pattern in the
fundamental frequency behavior. It was shown that the frequency pattern was highly correlated
with a combination of the stress, stiffness, and stretch of the vocal fold.
The main contribution of this thesis was developing a realistic voice simulator to understand
the role of intrinsic laryngeal muscles and providing a computational platform based on that
realistic model for the treatment of vocal fold paralysis. To the best of the author's knowledge, this
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study was the first attempt at voice simulation based on a realistic model with detailed features
that contains muscle mechanics and all fluid, structure, and acoustic solvers and can simulate the
FSAI phenomenon, which is coupled by the GA optimizer for optimizing implant shape for UVFP
treatment.
In the second part of the study, the computational framework, including a patient-specific
larynx model, active muscle mechanisms, an FSAI voice production model, a genetic algorithm,
and virtual implant insertion, were introduced to optimize the implant shape to satisfy the goals
for the optimal voice. It was demonstrated that the obtained optimized implant could restore critical
aspects of the diseased voice resulting from UVFP in producing a sustained vowel utterance at
both constant and dynamically changing frequencies.
In the last part of the study, a physics-informed neural network was introduced to reconstruct
the 3D temporal vibration of vocal folds based on 2D visualized projection profiles and the
governing equation of the system. This network was designed based on a long-short-time memory
neural network that predicts temporal modal coefficients of the structure. Using predicted
coefficients and by knowing the eigenfrequencies and eigenmodes of the system, the 3D vibratory
dynamics of the vocal folds were reconstructed. The results revealed that the network could
successfully recreate the 3D motion and predict the studied cases' key vibratory and acoustic
features. Furthermore, other parameters, such as flow rate, pressure distribution, and contact force,
which are challenging to be measured experimentally, were estimated, which qualitatively agreed
with the available data.
The main contribution of this thesis was developing a realistic voice simulator to understand
the role of intrinsic laryngeal muscles and providing a computational platform based on that
realistic model for the treatment of vocal fold paralysis. To the best of the author's knowledge, this
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study was the first attempt at voice simulation based on a realistic model with detailed features
that contains muscle mechanics and all fluid, structure, and acoustic solvers and can simulate the
FSAI phenomenon, which is coupled by the GA optimizer for optimizing implant shape for UVFP
treatment. Furthermore, inferring 3D dynamics of soft tissue vibration from 2D sparse
measurements by a hybrid algorithm (a coupling of a neural network with an FSI simulator) was
another novelty of this thesis. The main goal of the current thesis was to provide practical
computational tools which can be utilized in medical applications.
The current thesis has some limitations. First of all, although the ultimate goal is applying these
tools in clinics, the larynx model of the current study was reconstructed based on a canine larynx,
not human. Although the canine larynx is often used in voice research due to its similarities with
the human model, such as size, overall morphology, and neuromuscular anatomy, there are
differences with the human larynx. Compared to humans, canines' vocal ligaments are less
developed, which may affect phonation mechanisms.
The flow solver used in this study was a 1D Bernoulli solver. To get more detailed information
about the flow field, such as vortex structures above the glottis, and a better understanding of the
interaction between glottal flow and acoustic wave, a 3D Navier-Stokes solver is suggested for
future studies. Furthermore, to comprehensively validate the virtual surgery computational
framework, conducting experimental tests will be necessary for both implant insertion simulation
and evaluating the performance of the optimized implant suggested by the framework. In the last
part of the study, material properties of the vocal fold should be inversely determined as a part of
the training process, and other experimental measurements such as acoustic and aerodynamic
features should be added to the loss function for faster convergence and higher accuracy.
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